
Physiological
Measurement      

PAPER • OPEN ACCESS

Heart rate variability (HRV) during acute stress: a
comparison of three methods for time–frequency
analysis
To cite this article: Bérangère Villatte et al 2026 Physiol. Meas. 47 035001

 

View the article online for updates and enhancements.

You may also like
Quantifying the accuracy of inter-beat
intervals acquired from consumer-grade
photoplethysmography wristbands using
an electrocardiogram-aided information-
based similarity approach
Xingran Cui, Jing Wang, Shan Xue et al.

-

Spectral components of heart rate
variability determined by wavelet analysis
Maja Bracic Lotric, Aneta Stefanovska,
Dusan Stajer et al.

-

Complexity and time asymmetry of heart
rate variability are altered in acute mental
stress
Z Visnovcova, M Mestanik, M Javorka et
al.

-

This content was downloaded from IP address 142.137.141.84 on 22/04/2026 at 20:33

https://doi.org/10.1088/1361-6579/ae3ec7
/article/10.1088/1361-6579/ad2c14
/article/10.1088/1361-6579/ad2c14
/article/10.1088/1361-6579/ad2c14
/article/10.1088/1361-6579/ad2c14
/article/10.1088/1361-6579/ad2c14
/article/10.1088/0967-3334/21/4/302
/article/10.1088/0967-3334/21/4/302
/article/10.1088/0967-3334/35/7/1319
/article/10.1088/0967-3334/35/7/1319
/article/10.1088/0967-3334/35/7/1319


Physiol. Meas. 47 (2026) 035001 https://doi.org/10.1088/1361-6579/ae3ec7

Physiological Measurement

OPEN ACCESS

RECEIVED

13 August 2025

REVISED

14 January 2026

ACCEPTED FOR PUBLICATION

28 January 2026

PUBLISHED

2 March 2026

Original content from
this work may be used
under the terms of the
Creative Commons
Attribution 4.0 licence.

Any further distribution
of this work must
maintain attribution to
the author(s) and the title
of the work, journal
citation and DOI.

PAPER

Heart rate variability (HRV) during acute stress: a comparison of
three methods for time–frequency analysis
Bérangère Villatte1,2,6, Sayeed A D Kizuk1,6, Jean-Marc Lina3,4, Alain Vinet4,5,7
and Sylvie Hébert1,2,7,∗
1 School of Speech Pathology and Audiology, Faculty of Medicine, Université de Montréal, Québec, Canada
2 Centre for Interdisciplinary Research on Brain and Learning (CIRCA), Montréal, Québec, Canada
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Abstract
Objective. Time–frequency (TF) analysis is used to identify oscillatory patterns in complex signals.
Cardiac signals under stress conditions are highly dynamic, yet heart rate variability (HRV) is often
analysed using classical methods that assume stationarity or linearity. This study applied TF ana-
lyses to beat-to-beat RR time-series data extracted from electrocardiograms of 30 healthy adults
during three stress tasks: mental calculation, noise exposure, and cold pressor test. Approach.
Continuous wavelet transform (CWT), and ensemble empirical mode decomposition (EEMD)
were compared to the standard short-term Fourier transform (STFT). Signals were divided
into anticipation, stress, and recovery periods.Main results.When analysed in 30 s windows, all
three methods detected dynamic time variations in standard frequency bands (low-frequency
(LF) [0.04–0.15 Hz], high-frequency (HF) [0.15–0.40 Hz]) during stress compared to baseline.
Compared to SFFT, EEMD and CWT showed greater sensitivity than STFT to identify LF and HF
differences. Spectrograms identified regions of interest outside standard frequency bands, where
CWT provided superior temporal and frequency resolution, especially at low frequencies. While
EEMD spectrograms were uninterpretable, analysis of individual EEMDmodes enabled tracking
instantaneous changes in both frequency and amplitude. Significance. In conclusion, CWT and
EEMD proved most valuable for identifying patterns in stress-evoked HRV and providing inform-
ation on autonomic nervous system activation latency, responsiveness, and adaptability.

1. Introduction

The stress response involves complex interactions between central and peripheral systems that are
designed to help us adapt to external threats. The autonomic nervous system (ANS) controls this pro-
cess by balancing the activation of its two branches, the parasympathetic (PNS) and sympathetic (SNS)
nervous systems. This allows for rapid physiological responses while supporting essential functions such
as digestion (Godoy et al 2018).

In the presence of an acute stressor, the SNS becomes active and the PNS, which is dominant at
rest, becomes lessened (Berntson et al 2016). The SNS and the PNS each exert reciprocal effects on car-
diac sinus node activity, maintaining tonic activity but responding on different timescales. In terms of
onset dynamics, muscarinic receptor stimulation (PNS) is directly coupled to the opening of potassium
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channels (IK, ACh) within approximately 100 ms, whereas β-adrenergic receptor stimulation (SNS) is
coupled to the slower process of second messenger (cAMP) production via enzymatic action over several
seconds. Additionally, the enzymatic degradation of acetylcholine is very fast (rapid offset dynamics).
Therefore, the PNS, driven by respiration, acts and dissipates rapidly, typically in less than a second. In
contrast, the effects of the SNS in response to stressful stimuli take over five seconds to develop (Irisawa
et al 1971, Mokrane and Nadeau 1998, Hainsworth 2004). ANS actions, sometimes referred to as ‘oscil-
lators’(Echeverría et al 2001), exert chronotropic effects on the heart by modulating the intervals between
heartbeats. A single interbeat interval (RR) can reflect the complex interactions between different sys-
tems (Reyes Del Paso et al 2013, Shaffer et al 2014). One non-invasive method of quantifying ANS activ-
ity is heart rate variability (HRV), which is based on analysing RR variations in the electrocardiogram.
Time–frequency (TF) analysis enables transient oscillatory patterns to be identified, which are believed to
reflect distinct regulatory mechanisms depending on the frequency band (Shaffer et al 2014).

The short-time Fourier transform (STFT) has previously been presented as a suitable method for
extracting power spectra from short-duration signals, including those lasting several minutes, such as
those used in laboratory stress tasks (Force 1996, Elsenbruch et al 2000, Shaffer and Ginsberg 2017).
Power spectra obtained by STFT are usually averaged within predefined frequency bands. Examples
include the high-frequency (HF) band (0.15–0.40 Hz), which is associated with respiratory sinus
arrhythmia (Tonhajzerova et al 2016, Grossman 2024), and the low-frequency (LF) band (0.04–0.15 Hz)
which is thought to reflect baroreflex mechanisms (Chapleau and Abboud 2004). However, one limita-
tion of the STFT is that it assumes stationarity, at least for the duration of the analysed time window.
Additionally, there is a TF precision trade-off: the accuracy of frequency information is limited by the
time window compared to the signal’s duration. Long windows have better frequency resolution than
short ones but poor time resolution, while short windows provide better time resolution but poorer
lower-frequency resolution. Therefore, the fixed window size used in STFT may not fully capture signals
in the contexts of acute stress conditions where RR intervals are deeply modulated by multiple physiolo-
gical mechanisms (McEwen 2007).

Two methods that could enhance the STFT for non-stationary signals are the continuous wavelet
transform (CWT) and the ensemble empirical mode decomposition (EEMD), the latter being an exten-
sion of the EMD.

The CWT is commonly used to extract TF components from EEG time series data (Rhif et al 2019).
The CWT defines a family of wavelets—mathematical functions that are localised in both time and fre-
quency. Convolving these wavelets with a signal allows frequency components to be extracted over time,
significantly improving the frequency resolution compared to the STFT, particularly for low frequencies.
Therefore, the CWT has the potential to reveal lower oscillatory components that would otherwise be
obscured by other methods. However, although the CWT can capture transient features from complex
mechanisms (Samar et al 1999, Rhif et al 2019), it still assumes linearity (Farge 1992, Sadowsky 1996).
This may not be the optimal approach for analysing nonlinear, non-stationary signals such as RR time
series derived from ECGs.

EMD is a data-driven method with high TF resolution that avoids assumptions of stationarity and
linearity completely (Wu and Huang 2009). Instead of testing a family of predefined frequencies of
interest, EMD decomposes complex signals empirically into simple oscillatory components known as
intrinsic mode functions (IMFs). The Hilbert–Huang transform (HHT) is then applied to these IMFs
to convert them into instantaneous frequencies and amplitudes (Li et al 2011). EEMD is a noise-assisted
data method that improves the performance of EMD by avoiding the mode mixing problem with min-
imal additional complexity (Mandic et al 2013). Thus, this EMD extension was used in our analysis.
Compared to CWT, EEMD should improve accuracy at the instantaneous frequency (IF) level and thus
be more sensitive to intrinsic, dynamic patterns.

The use of TF methods to extract HRV has been evaluated during resting conditions and during spe-
cific events such as dynamic movements, epilepsy, heart failure, sudden death, myocardial ischaemia,
or anaesthesia (Gamero et al 1996, Echeverría et al 2001, Shafqat et al 2009, Li et al 2011, Omar and
Mohamed 2011, Schiecke et al 2016, Cossul et al 2023). However, this topic is largely under-documented
in the context of acute stress, with the work of Lee et al (2022) being an exception. Our study addresses
this gap by comparing the performance of three HRV TF analysis methods during acute stress episodes:
(1) STFT, (2) CWT, and (3) EEMD with HHT. In each acute stress episode, we studied dynamic changes
in three phases: anticipation, in-task and recovery. We assessed the performance of the methods in cap-
turing dynamic changes in three tasks in which the ANS (SNS and PNS) is thought to be differentially
engaged: a) a mental (arithmetic) stress task, b) exposure to loud noise, c) the cold pressor test (CPT).
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Figure 1. Stress induction procedure. Each task was of 5 min duration and presented in a predefined order. Abbreviations: bsl,
baseline.

2. Methods

2.1. Participants and stress induction procedure
Thirty healthy young adults (15 females and 15 males aged 27.2 ± 3.9 years) underwent a multimodal
stress induction protocol while seated in a soundproof booth (see figure 1). All participants had a nor-
mal body mass index (Mean = 22.8, SD = 3.0). Inclusion criteria required normal hearing thresholds
(⩽15 dB HL at 0.5–4 kHz), normal loudness discomfort levels (⩾90 dB HL at 0.5–8 kHz), and good
self-reported psychological and physical health. Exclusion criteria included diagnosed depression or anxi-
ety disorders, use of medication affecting stress or cardiac function, hearing-related disorders, and any
acute conditions affecting hearing on the day of testing (e.g. cold, sinusitis, Covid-19). Participants with
Raynaud’s disease, cerebral, respiratory, cardiovascular diseases, diabetes, hypoglycaemia, or pregnancy
were also excluded. The study was approved by the University’s Institutional Review Board, and all parti-
cipants provided written informed consent.

The first task was a 5 min mental calculation derived from the Trier Social Stress Test (Kirschbaum
et al 1993), in which participants were instructed to subtract 13 from a large number (e.g. 1022) under
time pressure, until reaching the smallest positive number (e.g. 1022–13, 1009–13, etc). Errors or
timeouts required a restarting from 1022. Participants performed the task autonomously and silently to
control for breathing (Bernardi et al 2000, Thomas et al 2019). The second task was a 5 min exposure to
LF broadband noise, delivered via frontal speakers. The noise increased exponentially from 40 to 90 dBA
over the first 2 min, then remained at 90 dBA for the final 3 min. This level of noise has been shown to
induce cortisol release (Waye et al 2002, Hebert and Lupien 2009). The final task was the CPT (Mitchell
et al 2004, Mourot et al 2009), which is a painful task in which participants are asked to submerge their
right hand in cold (6.5 ◦C) circulating water for 3 min. Rest periods of 5 min were added before and
after each task to minimise carryover and allow for baseline and recovery. All participants were recruited
via Facebook and poster advertisements at the Université de Montréal, and the study was approved by
the university’s internal review board, the Comité d’Éthique pour la Recherche Clinique.

2.1.1. Data collection
Raw ECG signals were acquired at 500 Hz using a Holter Recording system (Burdick, Model 6632,
Cardiac Science, Deerfield, WI, USA) with a 5-lead configuration and were initially processed in Matlab
using a custom R-peak detection algorithm (Dubé et al 1988). The extracted RR time series were val-
idated using a combination of an in-house ECG analysis software VCGMI (Jacquemet et al 2011) and
Burdick Vision Premier software (Cardiac Science, Bothell, WA, USA), with the latter managed by a
trained physician. Ectopic beats, compensatory pauses, arrhythmic events, and segments of noisy signal
were tagged and removed, and normal beats that may have been missed were manually added or inter-
polated from the local heart rate median. All analyses were performed using the validated time series
consisting of normal sinus beats. They were resampled to 2 Hz using cubic spline interpolation and lin-
early detrended to remove slow drift.

2.2. Preprocessing
Once resampled and detrended, individual time series were padded with 20 s of reflected data. To avoid
violating the assumptions of stationarity and linearity associated with Fourier analysis, we analysed the
spectral components derived from three algorithms designed to improve the accuracy of the Fourier
transform with respect to transient, nonlinear signals: STFT, CWT and EEMD. All analyses were per-
formed with Python version 3.10 (Python Software Foundation 2021). STFT calculations were per-
formed using the SciPy package, version 1.14.1 (Virtanen et al 2020). CWT calculations were performed
using the Clouddrift package, version 0.44.0. The wavelet module of this package consists of a direct
translation of the MATLAB implementation of the Morse wavelet by Lilly (2024). EEMD calculations
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were performed using the PyEMD package, version 1.6.4 (Laszuk 2025). All three analyses removed
frequencies above 0.4 Hz, which do not represent respiratory-linked ANS activity, and also removed fre-
quencies below 0.0167 Hz, which is the limit imposed by our shortest analysis period (60 s).

2.3. STFT
The STFT is based on the assumption that a short portion of a non-stationary signal is stationary and
thus can be analysed using the fast-Fourier transform (FFT; Elsenbruch et al 2000). Essentially, the cal-
culation of the STFT involves applying the FFT within a defined window length and then sliding that
window along the signal until the entire signal is processed.

The STFT of a signal x(t) evaluated at time t and at frequency ω can be defined as

Sx (t, ω) =

∞̂

−∞

w(t− t ′)x(t ′)e−iωt ′dt ′

where w(t− t ′) represents the sliding convolution window.
The oscillatory power is computed by taking the log10 of the squared magnitude of Sx.
In our analysis, we used a 32 s Hann window, shifted by 5 s per iteration. The FFT length was 64

points, yielding 33 frequencies between 0 and 1 Hz. Frequencies below 0.0167 (none was present) or
above 0.4 Hz were excluded, resulting in 12 final frequencies.

2.4. CWT
Wavelet decomposition involves breaking down a signal at different timescales using a ‘mother wavelet
ψ, modified by scaling parameter a, and positional parameter b:

ψa,b (t) =
1√
a
ψ

(
t− b

a

)
; a> 0,−∞< b<+∞.

Given a signal x(t), the CWT consists in a time (b)—scale (a) representation of the signal in terms of
the following convolution,

Wx (a, b) =
∞
∫

−∞
x(t)ψ∗

a, b (t)dt

where ψ ∗
a, b is the scaled and shifted mother wavelet (Rhif et al 2019).

Similarly to the STFT, the wavelet applies a windowing function to the input signal. Here, the scale
parameter varies as an inverse of the frequencies: the analysis window (the wavelet) used in the CWT
effectively becomes a low frequency oscillation at large scale (a > 1), and a high frequency oscillation at
short scale (a < 1), improving time resolution.

We chose the Morse wavelet as the mother wavelet because of its high flexibility and suitability for
transient signals with rapidly changing frequency content (Lilly 2024). The Morse wavelet corresponds
to a family of analytic wavelets defined by a generalised exponential function parameterised by β and
γ, which control its TF localisation and symmetry properties. This parameterisation allows for a high
degree of flexibility in adjusting the time and frequency resolution. For our analyses, β was set to 20
(high frequency resolution) and γ was set to 3 (high frequency decay); a configuration that emphasises
frequency resolution over time resolution. We selected 100 logarithmically spaced frequency bins between
0.0167 and 0.4 Hz. Once transformed, the oscillatory power was computed by taking the log10 of the
squared magnitude of the transformed signal.

2.5. EEMD
The EMD decomposes a signal into intrinsic oscillatory modes through an empirical ‘sifting’ process
derived from the structure of the data. The process, described in detail in Huang et al (1998), involves
creating upper and lower envelopes of the signal by interpolating local maxima and minima, and then
subtracting the mean of these two envelopes from the original data. Repeated siftings make the data pro-
gressively less complex until it satisfies two conditions:

1. The number of extrema and zero-crossings are approximately equal.
2. The mean of the upper and lower envelopes is zero.

This results in an IMF, which consists of an oscillatory component that varies in amplitude and
frequency with time, with no riding waves, and is symmetric around zero. Once the first IMF is
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reached, the first residue is extracted by subtracting the IMF from the original signal, and this residue
becomes the new data for further sifting to extract subsequent IMFs. Sifting continues until the
standard deviation between siftings falls below a threshold, at which point the final residue is calcu-
lated from the last IMF. The original signal can be reconstructed from the sum of the IMFs and the final
residue, demonstrating that the original signal has been decomposed into empirical modes plus the final
residue. For interested readers, a step-by-step tutorial of the sifting procedure and the derivation of IMFs
similar to the one used can be found in the EMD Python package (Quinn 2019).

The EEMD extends this process slightly by adding a small amount of Gaussian noise to the original
signal before extracting the IMFs. We chose a noise width of 0.05 based on the recommendations of
Wu and Huang (2009), who showed that a noise amplitude of 0.1–0.4 times the standard deviation of
the signal provides optimal ensemble averaging while maintaining signal fidelity. The more conservative
value of 0.05 was selected to minimise potential distortion of the RR intervals signal structure while still
achieving the noise-assisted decomposition benefits of EEMD, particularly for mitigating mode-mixing
effects. After noise addition, the full EMD process is repeated several times, and the resulting IMFs are
averaged. This reduces the sensitivity of EMD to noise in the original signal and reduces mode mixing
(Wu and Huang 2009), where a frequency component is spread across multiple modes. In our analysis,
the calculation of the IMFs was repeated 100 times before averaging. This process resulted in at least
5 extracted IMFs for each input signal, regardless of basal, stress tasks, pressor test or recovery condi-
tions in all 358 recordings. Any IMFs that could have been identified after the 5th IMF were not extrac-
ted and analysed. Specifically, for IMF1, a correlation was calculated between the original signal and the
IMF. IMF1 showed consistently low correlation (<0.2) with the original RR interval signal, indicating
it primarily represented HF measurement artefacts or non-physiological noise. This is documented in
the supplementary materials, where IMF1 is clearly representing non-physiological aspects of the input
signal, such as HF noise as well as the artefact created by the reflected data used to pad the signal. Also
in the supplementary materials is a figure showing the frequency excursion of each IMF (from IMF2 to
IMF4), as represented by the inter-quartile range for the IF for each condition and task period, averaged
across participants.

IMF1 and IMF5 were excluded from analyses. IMF1 (frequency range: 0.2232–0.3413 Hz) was
excluded because it predominantly captures HF oscillations that likely represent measurement noise and
HF artefacts, the added noise from the EEMD procedure, and artefacts from data processing). For the
vast majority of participants and conditions, IMF1 did not correlate with the original signal (r < 0.2),
suggesting that it captured HF noise. The supplementary illustration of the EEMD method also shows
this sensitivity of IMF1 to HF noise and processing artefacts. IMF5 (frequency range: 0.0182–0.0217 Hz)
was excluded from analysis when present because this frequency range is below our specified analyses
range (0.0167–0.4 Hz). These ultra-low frequencies are not typically associated with acute autonomic
responses to stress.

The IF and amplitude of each IMF are then obtained by the HHT as follows: For each IMF, the
Hilbert Transform was applied to obtain the analytic signal. The magnitude of the analytic signal
provides the instantaneous amplitude, which is squared to calculate the power. The TF spectrum
was constructed by computing IF for each IMF via the Hilbert transform, binning IF values into 100
logarithmically-spaced frequency bins (0.0167–0.4 Hz), and accumulating Power(t) from IMFs whose IF
falls within that bin for each time point and frequency bin. Lastly, we added 1 to the power of the HHT
before computing the log-power to maintain the value of 0 for TF bins with zero observations.

2.6. Statistical analysis
2.6.1. Spectra
Data were averaged within two frequency bands defined from the literature (LF: 0.04–0.15 Hz; HF: 0.15–
0.40 Hz) (Force 1996, Shaffer and Ginsberg 2017). For each subject and task, the average log-power of
the 3 min baseline period was calculated, and the difference from baseline was determined at each time
point for both frequency bands. These two time-series were then averaged over 30 s windows, which
were treated as categorical time points to evaluate changes in HF and LF powerband spectra over time.
The ‘stress response’ period was extended to 60 s before and after the tasks to include anticipation and
recovery. Statistical analyses were performed using R 4.3.1 (2023) on RStudio 2023.9.1 (Posit Software
PBC, Boston, USA). Interactions and main effects of time and frequency bands on power changes
were tested for each task using linear mixed effects models with the lme4 R package (Bates et al 2014).
Random effects were subject related, and models were controlled for sex. Pairwise comparisons were per-
formed using the emmeans R package (Lenth 2024), which is based on least square means and corrected
for multiple comparisons with Tukey adjustment. For the main effect of time (across frequency bands),
each time point was compared to baseline. To examine the respective contributions of the two standard
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Table 1.Mean HR values (in bpm) for each period. Values are averaged over the entire stress duration.

Mental task Noise task CPT task
Mean (SD) P value Mean (SD) P value Mean (SD) P value

Baseline 71.3 (10.2) 70.1 (9.6) 70.5 (10.1)
Stress period 79.2 (14.7) <.0001 69.6 (10.0) <.05 75.0 (11.9) <.05

frequency bands (LF and HF) at each time point, the latter were also compared with one another. The
alpha level for statistical significance was set at 0.05.

2.6.2. Spectrograms
The sampling period of the TF representation was 5 s for STFT and 500 ms for CWT and EEMD meth-
ods. Within each frequency, the average log-power of the 3 min baseline period was calculated for each
subject and task, and the difference from baseline was determined at each time point. Spectrograms were
plotted for all three methods.

Significant clusters were identified using a nonparametric one-sample t-test at the cluster-level
with a permutation test for p-value correction, i.e. a method developed for EEG/MEG data (Maris and
Oostenveld 2007), and implemented in the Python package mne version 1.8.0 (Gramfort et al 2013).
Significant clusters are shown in full colour in the spectrograms, while non-significant clusters are shown
semi-transparently for context.

For the CWT spectrograms, significant clusters were used to empirically define regions of interest
(ROIs) in frequency and time, identified by black rectangles in figure 4. The unsubtracted log power in
these ROIs was averaged for both task and baseline and plotted as bar graphs. A repeated measures t-test
was performed to confirm the significant differences between task and baseline for each ROI.

3. Results

3.1. Effects of stress tasks on heart rate
The results indicate that, on average (over the entire duration of the tasks), all tasks had a significant
effect on HR compared to their respective baseline. Mean HR increased significantly during both the
Mental (t(29) = 4.53, p< .0001, with means bpm 71.3 (±10.2) and 79.2 (±14.7) for the baseline and
task, respectively) and CPT tasks (t(29) = 2.60, p< .05, with means bpm 70.5 (±10.1) and 75.0 (±11.9)
for the baseline and task, respectively), indicating that the mental and CPT tasks were effective in indu-
cing stress. However, mean HR decreased significantly during the noise task (t(29) = −2.38, p < .05),
with means bpm of 70.1 (±9.6) and 69.6 (±10.0) for baseline and task, suggesting that it may not have
been as stressful as the two other tasks, or that noise involved a different type of response. Mean HR
values are shown in table 1.

3.2. Comparison of baseline period TF spectra
Figure 2 shows the full spectra for baseline period preceding each task period, as processed by each of
the three methods. To assess baseline comparability, we conducted statistical comparisons of LF and HF
power across the three baseline periods for all TF methods. Friedman tests (non-parametric repeated
measures) revealed no significant differences between baselines for any method or frequency band (all
ps > .05).

3.3. Comparison of total and predefined low—and high—frequency band spectra
The time course of power changes, independent of frequency bands, varied between tasks (see figure 3).
Significant main effects of time were observed during the Mental task for all three methods (STFT:
F(14, 841) = 8.63, p< .0001; CWT: F(14, 841) = 9.96, p < .0001; and EEMD: F(14, 841) = 8.11,
p < .0001), and during the noise task for all three methods (STFT: F(14, 841) = 2.96, p= .002; CWT:
F(14, 841) = 3.37, p < .0001; and EEMD: F(14, 841) = 2.97, p = .002). During the CPT task, differ-
ences were observed for STFT (F(10, 601) = 2.41, p < .009) and CWT (F(10, 601) = 2.69, p = .0032),
but not for EEMD F(10, 601) = 1.05, p= .40). In the Mental task, differences were evident at the onset
while the noise task did not reveal any significant differences at specific time points. Overall, there were
few differences between the methods regarding total power. Time windows with significant total power
differences are indicated by black stars in figure 3.

When analysed separately, the standard LF (0.04–0.15 Hz) and HF (0.15–0.40 Hz) frequency bands
exhibited diverging temporal variations in the noise and CPT tasks, but not in the Mental stress task (all
Fs < 1 for the TF band interaction in all three methods) (figures 3(A)–(C)). In the noise task, all three
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Figure 2. Log power spectrum (ms2) of the baseline periods preceding each stress task (mental, noise, and cold pressor test) as
processed by the short-time Fourier transform (STFT), Continuous Wavelet transform (CWT), and ensemble empirical mode
decomposition (EEMD).

Figure 3. Comparison of the variation in the low-frequency (LF) and high-frequency (HF) band power spectra, as extracted by
the three methods across three acute stress conditions: Mental arithmetic, noise exposure, and the cold pressor test. The red and
blue lines illustrate the temporal variation in mean power change from baseline in the LF (0.04–0.15 Hz) and HF (0.15–0.4 Hz)
bands, respectively. The shaded area around the curves represents the standard error of the mean (SEM). All methods show con-
sistent variation in power over time. Small black stars indicate that total power, regardless of frequency band (LF+ HF), differs
from baseline. Large black stars indicate a main effect of time in cases where there were no significant pairwise comparisons.
Small grey stars indicate interactions between time and frequency band. Values are log-transformed and expressed in terms of
power difference from baseline in ms2. Each time point is labelled with the start time of the 30 s time window. Abbreviations:
Ant, anticipation; Bsl, baseline; EEMD, ensemble empirical mode decomposition; HF, high frequency band; LF, low frequency
band; Rec, recovery; STFT, short-term Fourier transform; Tsk, task. Significant code: ∗ p< .05.

methods captured an increase in the LF vs. HF frequency band at time 300, with all p-values less than
.001. (figures 3(D)–(F)). In the CPT task (figures 3(G)–(I)), the interaction between time and frequency
bands was significant for all three methods. However, the CWT was more sensitive than the other two
methods at detecting differences between LF and HF at different time points (figure 3(I)). STFT was
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the least sensitive, detecting only one difference between the LF and HF frequency bands (figure 3(H)).
Overall, apart from a few minor differences, all methods identified broadly similar temporal patterns
when considering predefined LF (0.04–0.15 Hz) and HF (0.15–0.40 Hz) frequency bands.

3.4. Visual comparison of spectrograms
Spectrograms of the log-transformed power were plotted for each stress type (figure 4). Dashed black
boxes illustrate the significant clusters (p < .05), which were identified by the permutation cluster test.
Nonsignificant regions are plotted semitransparently for context. Across tasks, the clusters identified
by STFT appeared similar to those identified by CWT, but were more diffuse across frequencies. For
instance, during the mental task, the STFT identified a significant cluster during recovery between 0
and 0.08 Hz (figure 4(B)), whereas the CWT identified it within a more precise frequency range of
0.025–0.06 Hz (figure 4(C)). Another example is the identification of an LF increase during the anti-
cipation of stress followed by an HF decrease at the onset of the task, which was identified by the CWT
in the Mental stress task. The STFT identified the HF decrease, but not the LF increase (figures 3(B)
and (C)). Consistently, across tasks, CWT clusters were more concentrated within identifiable frequency
boundaries. In contrast, STFT clusters were visually blurred at lower frequencies due to STFT’s reduced
frequency resolution at those frequencies. However, CWT identified clusters across wider time win-
dows than STFT did (figures 4(E) and (F)), largely due to the chosen parameterisation of CWT, which
emphasises frequency over time resolution. Conversely, the TF representation with EEMD produces very
high time and frequency resolutions, revealing the true complexity of frequency changes over time in the
RR interval series. Regarding EEMD, similar regions of increased and decreased power can be observed
when compared to STFT or CWT; however, the high TF resolution of EEMD greatly complicates any
visual interpretation of its spectrogram.

3.5. Empirically defined TF ROIs
A visual analysis of the spectrograms revealed that the observed changes in HRV power did not neatly
fall into the standard LF (0.04–0.15 Hz) and HF (0.15–0.4 Hz) bands, especially when using the CWT
method. Instead, significant clusters most often spanned two frequency bands. To determine the true
statistical power of these effects, TF ROIs based on the clusters identified by a cluster-based permuta-
tion test were defined for the CWT results only (see figures 4(C), (F) and (I). Comparisons of the log
power changes in these ROIs with baseline values in the same frequency bands revealed a significant
increase from baseline between 0.025 and 0.035 Hz during the entire anticipation period (t(29) = −3.41,
p < .01) and recovery period (t(29) = −4.71, p < .0001). A significant decrease was also observed
between 0.05 and 0.3 Hz during the first 60 s of the mental task (t(29) = 4.6, p< .001). For the noise
task, a significant increase was observed between 0.025 and 0.05 Hz throughout the recovery period
(t(29) = −6.02, p < .0001). For the CPT task, a significant increase was observed between 0.028 and
0.05 Hz during the anticipation and recovery periods (t(29) = −3.82, p < .001 and (t(29) = −4.03,
p < .001, respectively).

3.6. Independent IMF components
It was difficult to interpret the representation of the mean HHT power on the EEMD spectrograms
across participants. As a secondary approach, we examined the differences in power and IF for each
mode individually.

Figure 5 shows the time course of full-spectrum power variation for each mode individually, aver-
aged across participants and tasks. The colour of each line represents the average IF measured at that
time point across participants. As can be seen from the range of instantaneous frequencies, IMF2 rep-
resents the middle of the HF band, IMF3 represents the upper of the LF band, and IMF4 represents the
lower LF band. All frequency values and ranges are shown in table 2. The frequency excursions for each
IMF can be found in Supplementary. Significant main effects of time were observed during the men-
tal and CPT tasks across all three modes (Mental: IMF2: F(14, 406) = 9.44, p < .0001; IMF3: F(14,
406) = 3.02, p < .001; IMF4: F(14, 406) = 6.98, p < .0001; CPT: IMF2: F(10, 286) = 1.85, p= .05;
IMF3: F(10, 286) = 4.00, p < .0001; IMF4: F(10, 286) = 4.17, p < .0001). Significant main effects of
time were also observed during the noise task for IMF2 (F(14, 402) = 2.02, p < .05) and IMF4 (F(14,
402) = 7.25, p < .0001).

Pairwise comparisons revealed a significant decrease in IMF 2 power during the mental task during
the first 150 s. The mean IMF during this period was 0.22 Hz (SD: 0.026; range: 0.16–0.27). Another
significant decrease in power occurred between 210 and 270 s, with a mean IMF of 0.21 Hz (SD: 0.030;
range: 0.17–0.26). Significant increases in power were also found for mode 4 during the mental task
between 300 and 360 s (mean IF: 0.03 Hz; SD: 0.005; range: 0.02–0.04), during the noise task between
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Figure 4. Time–frequency plots of the log-power difference from the baseline of RR intervals for each method: STFT, EEMD,
and CWT, for each task. The anticipation and recovery periods are also shown. The change in power is represented by the colour
scale, where red indicates an increase from baseline and blue indicates a decrease. Regions with darker colours indicate signi-
ficant changes from baseline, as identified by cluster-level one-sample t-tests. Dashed boxes indicate regions of interest (ROIs),
which delineate the time and frequency ranges of regions of significant change. ROIs are identified using cluster-based permuta-
tion tests (for CWT only). Bar graphs show the difference between ROIs and baseline log-power in the same frequency bands.
Abbreviations: CPT, cold pressor test; EEMD, ensemble empirical mode decomposition; STFT, short-time Fourier transform.
Signification codes: ∗ p< .05, ∗∗ p< .01, ∗∗∗ p< .001.

300 and 330 s (mean IF: 0.03 Hz; SD: 0.006; range: 0.02–0.04), and during the CPT task between 180
and 210 s (mean IF: 0.03 Hz; SD: 0.006; range: 0.02–0.05).

4. Discussion

This study compared three methods for extracting frequency power variation from RR intervals: the
STFT, the CWT, and the EEMD. Our results clearly show that, overall, TF analysis is generally suitable
for describing the time course and complexity of HRV signals under laboratory stress conditions. To our
knowledge, this is the first study to evaluate the TF resolution of various methods for extracting HRV
during acute stress.
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Figure 5. Time course of power and frequency variation within each independent component of the RR interval spectrum (IMF)
extracted using EEMD. In the mental task, a decrease in IMF2 power is observed during the task (panel (A)) which is also associ-
ated with an increase in IMF3 frequency (panel (B)). Across all tasks, the recovery period was associated with an increase in IMF4
power (panels (C), (F), (I)). This power increase was associated with a decrease in IMF2 and IMF3 frequency, particularly for the
CPT task (panels (G), (H)). The increase in low frequencies (IMF 4, panel F) during recovery suggests that changes in RR ori-
ginate from different physiological sources with variable activation times. For each line, the y-axis position represents the power
difference from baseline, and the colour represents the mean instantaneous frequency. The full colour scale shows the frequency
range across the IMFs.

Table 2.Mean, standard deviation (SD) and range of the frequencies identified in each IMFs extracted with EEMD for each task.

Mental task Noise task CPT task
Mean (SD) [range] Mean (SD) [range] Mean (SD) [range]

IMF2 0.2 (0.018) [0.17–0.23] 0.21 (0.017) [0.18–0.23] 0.19 (0.014) [0.17–0.21]
IMF3 0.1 (0.011) [0.08–0.11] 0.09 (0.007) [0.08–0.1] 0.09 (0.008) [0.08–0.1]
IMF4 0.04 (0.005) [0.03–0.05] 0.04 (0.005) [0.03–0.05] 0.04 (0.003) [0.03–0.04]

Our main findings can be summarised as follows: First, HRV signals are dynamic and not stationary
over time during stressful events. All three methods detected time variations from baseline. The mental
stress task caused a significant decrease in power at its onset. The noise task produced general, unspe-
cified dynamic time effects. The CPT task also showed time variations, but these were almost entirely
dependent on the standard LF and HF frequency bands.

Second, spectrogram visualisations of HRV data using CWT or STFT transforms provide additional
frequency resolution. These visualisations suggest that the standard LF-HF frequency bands may be inap-
propriate under stressful conditions. However, when using EEMD, which has very high TF resolution,
the spectrogram becomes uninterpretable.

Third, EEMD demonstrates greater sensitivity in detecting transient changes in power, especially
when modes are examined individually. Tracking changes in instantaneous power and frequency across
EEMD components (IMFs) can reveal information about different physiological mechanisms.

Finally, frequencies that characterise transient changes in power can best be empirically defined using
either CWT, which identifies ROIs, or EEMD, which measures the IF of the mode.

4.1. Sensitivity in standard LF-HF bands
The time course of power variation in the standard LF and HF frequency bands revealed that HRV is
not stationary during a stressful event. Dynamic changes were observed fairly consistently across all
methods. All three methods identified differences in the standard LF and HF bands during the noise and
CPT tasks. However, the STFT was the least sensitive to these contrasts. This probably reflects the STFT’s
lower temporal resolution at lower frequencies compared to the other two methods. This is an inherent
limitation of the STFT. The CWT was clearly the most sensitive method.
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4.2. Spectrograms for visualising HRV data
Spectrograms are an easy way to visualise power variation over time and frequency. However, compared
to STFT, CWT showed greater resolution at lower frequencies, making it easier to isolate task-specific
effects in specific frequency bands. Wavelet results showed consistent frequency resolution at both high
and low frequencies, enabling easy identification of ROIs. EEMD spectrograms demonstrated super-
ior accuracy and sensitivity to transient events, with resolution independent of frequency. However, the
spectrograms were visually uninterpretable, which prevented the identification of significant ROIs.

4.3. Empirically decomposed frequency bands
We used a cluster-level, one-sample t-test on the spectrogram data allowed us to identify new ROIs, spe-
cifically task-specific effects with empirically defined frequency ranges. The frequency power within these
ROIs likely originates from different mechanisms, which suggests inter-individual variability in the oscil-
lation frequency of physiological components. The empirically defined ROIs clearly demonstrate that the
effects observed in our data often overlap two or more of the standard frequency bands, questioning the
relevance of defining arbitrary frequency ranges a priori (Echeverría et al 2001).

4.4. Relevance of EEMD in HRV signals
Nonlinear indices in the time domain, such as sample entropy, approximate entropy, Poincare plots, and
correlation dimension, account for irregularities in cardiac dynamics. These indices have often been con-
sidered suitable for describing RR intervals (Richman and Moorman 2000, Melillo et al 2011, Francesco
et al 2012, Bolea et al 2014, Milena et al 2023). However, unlike TF analysis, they do not provide fre-
quency information about the signal. Both CWT and STFT provide frequency information, but only
EEMD is a non-linear, adaptive analysis method well-suited for highly transient stress events (Cheema
and Singh 2019, Feradov et al 2022, Lee et al 2022). Our results show that, during a stress event, the
oscillatory information carried by each IMF—particularly IMF2 and IMF4—varies in amplitude and fre-
quency and is not completely stable over time (figure 5). This is contrary to the assumptions of linear
transforms (Montano et al 2009).

When we analysed the oscillatory power within individual EEMD modes separately, we observed a
dissociation of effects. The lower frequency effects associated with recovery from stress were contained in
IMF 4, while the higher-frequency effects associated with the task itself were contained in IMF 2. IMF 3
did not show statistically significant differences in the time course of any of the three tasks. Furthermore,
analysing the instantaneous frequencies within each mode provided a more precise empirically defined
frequency range for each effect than CWT did. For IMF 2, we also observed that as the power of the
frequencies observed decreased, the IF of IMF 3 increased. In general, power decreases were associated
with frequency increases, and vice versa. These results suggest that, for EEMD, it may be more useful to
observe how both power and frequency vary over time, as opposed to the standard method of observing
how power varies over both frequency and time.

4.5. Physiological inferences about dynamic changes in IMFs
On the one hand, our results indicated differential activation depending on the stress phase. At the
beginning of the mental task, power decreased at higher frequencies (around 0.30 Hz) while during
recovery power increased at frequencies below 0.10 Hz. These findings suggest withdrawal of higher
frequencies reflects the allocation of cognitive resources to the task while low frequencies reflect stress
recovery mechanisms, and to some extent (although nonsignificant here), stress preparation.

On the other hand, we observed slight variation in the frequencies composing each EEMD mode
over time. Previous research has speculated that each IMFs may index real physiological processes
(Echeverría et al 2001). Although the underlying mechanisms responsible for these oscillatory changes
are unclear, they confirm that the ANS acts as a complex dynamical system involving multiple physiolo-
gical processes (Echeverría et al 2001, Berntson et al 2016, Brooks et al 2021).

4.6. Critics and limitations of our stress protocol
One limitation of this study was the absence of a subjective measure of perceived stress. As shown in
table 1, mean HR changes between task and baseline differed significantly based on stress type. The
mental task and CPT stressors significantly increased HR during the task, whereas the noise stressor
slightly decreased HR. This suggests that the response patterns evoked by the tasks may not directly
rely on the ‘stress’ level but rather on the levels of cognitive and emotional engagement, e.g. respect-
ively low for the noise task, and high for the pain task (Bosch et al 2003, Seery 2013, Berntson et al
2016). Additionally, LF activations were observed during task anticipation and recovery for all three
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tasks. These activations provided a basis for comparison that did not appear to be affected by the level
of stress induced.

4.7. Clinical implications
Autonomic dysfunction, which is observed in chronic or stress-related conditions such as cardiovascular
disease, diabetes, depression, post-traumatic stress disorder, neuropathic pain, and tinnitus, may affect
stress reactivity and cardiac dynamics (Datzov et al 1999, Fadul et al 2010, Thayer et al 2010, Evans et al
2013, Brudey et al 2015, Huang et al 2017, Yeater et al 2021, Yu and Lee 2021, Rawn and Keller 2022,
Manohar et al 2023). Due to their ability to track changes in HRV power and frequency, TF analysis,
particularly CWT and EEMD, are valuable tools for identifying patterns in the stress-evoked HRV time
course that provide information on ANS activation latency, responsiveness, and adaptability.

5. Conclusions (recommendations)

Comparison of the STFT, CWT, and EEMD methods have shown that modern methods of analysing
nonstationary and nonlinear signals can accurately describe the effects of acute stressors on HRV in both
time and frequency domains. Changes in HRV are often quantified using a single value derived from an
ECG recording of either 5 min (short-term HRV) or less than 3 min (ultra-short term HRV) (Shaffer
and Ginsberg 2017). Our results show that, in response to a mental stressor, HRV in the LF and HF
bands varied dynamically within the 5 min stress period. This variation was successfully identified by
all three methods. However, EEMD appeared to be more sensitive to this effect than CWT, and CWT
appeared to be more sensitive than STFT, suggesting that increasingly nonlinear methods better cap-
ture the HF effect. Interestingly, CWT performed slightly better than EEMD in detecting LF effects in
the anticipation and recovery periods of the CPT task. This suggests that CWT is not strictly inferior to
EEMD.

STFT and CWT provide spectrogram representations that, when combined with cluster-level stat-
istical methods, allow the identification of statistical regions in time and frequency that characterise the
observed effects. CWT spectrograms showed increased separation of the observed effects in frequency.
The anticipation/recovery-related power increase occurred in a lower frequency range than the task-
related power decrease. These ROIs were often observed in more than one standard frequency range,
suggesting that using predefined frequency ranges may be misleading. Additionally, the CWT method
can be adjusted for greater temporal or frequency resolution, offering more flexibility than the other
two methods. Finally, although the EEMD method does not lend itself well to a spectrogram repres-
entation, an alternative approach can be taken. Instantaneous power and IF can be analysed separately,
allowing for the precise identification of the frequency or frequency shift associated with a given power
change. This strategy narrowed for the frequency range of the task-related power increases and decreases
considerably.

Although TF analysis has been used to measure HRV under non-stationary conditions, it has not
been used specifically under acute stress conditions (Huang et al 1998, Omar and Mohamed 2011,
Mandic et al 2013). Our study is the first to demonstrate that time–frequency methods, such as CWT
and EEMD, are best suited to describing HRV under stress conditions.
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