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Abstract

Heart rate (HR) is strongly affected by the autonomic nervous system (ANS), while its spontaneous
fluctuations, called heart-rate variability (HRV), are reporting about the dynamics of the complex,
vegetative regulation of the heart rhythm. Hence, HRV is widely considered an important marker of
the ANS-effects on the cardiac system, and as such, a crucial diagnostic tool in cardiology. In order
to get nontrivial results from HRV-analysis, it would be desirable to establish exact, universal
interrelations between the typical HRV parameters and HR itself that, however, has not been fully
accomplished, yet. Hence, our aim was to perform a comparative statistical analysis of ECG-
recordings from a public database, with a focus on the HR-dependence of typical HRV parameters.
We revealed their fundamental connections, which were substantiated by basic mathematical
considerations, and were experimentally demonstrated via the analysis of 24-hours ECG-recordings
of more than 200 healthy individuals. The large database allowed us to perform unique age-cohort
analyses, too. We confirmed the HR-dependence of typical time-domain parameters as RMSSD and
SDNN, frequency-domain parameters as the VLF-, LF- and HF-components, and nonlinear indices
as sample entropy and DFA-exponent. In addition to shedding light on their relationship, we are the
first to our knowledge identified a new, diffuse structure in the VHF regime, as an important indicator
of the SNS activity. In addition, the demonstrated age-dependence of the HRV parameters gives
important new insight into the long-term changes of the ANS-regulation of the cardiac system. As a
possible molecular physiological mechanism underlying our new findings, we suggest that they are
associated to Piezo2 channel function and its age-related degradation. We expect our results to be
utilized in HRV analysis related to both medical research and practice.

Keywords: RMSSD; Bland-Altman plot; Parseval-theorem; HRV spectral band; Autonomic nervous
system; Entropy- and DFA-analysis; Heart rate-dependence; Age-dependence; Correlated and
uncorrelated noise; Piezo ion channel

1. Introduction

Heart rate variability (HRV) measures the variation in interbeat intervals from one heartbeat to
the next, reflecting changes in the heart rate (HR) over time. Heart rhythm is primarily governed by
the synchronized firing of pacemaker cells in the sinoatrial node of the heart muscle, which initiates
the cardiac cycle, and the activity of the pacemaker cells is regulated by autonomic efferent neurons
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and circulating hormones. The complex actions of the underlying interdependent regulatory systems
give rise to the variability of the length of the cardiac cycle over different time scales, supporting the
optimal performance of the heart under homeostasis. Therefore, HRV is widely considered an
important marker of the autonomic nervous system (ANS)[1].

In addition to sympathetic and parasympathetic nervous system (SNS and PNS) activities,
respiration and the baroreceptor reflex are considered to influence HRV on time scales ranging from
seconds to minutes. In contrast, other ultradian and circadian rhythms driven by factors like
metabolism, physical activity, body temperature and sleep-wake cycles govern HRV over hours to
the daily cycle. In this context, it is interesting to note that a recent unpublished preprint paper
proposed that Piezo2 ion channel couples the sympathetic and the parasympathetic tone [2] Piezo2
(and Piezol) principally drives the fine regulation of the baroreceptors of the circulation and the
respiratory system [2-4] ] and Piezo2 is theorized to be an ultradian sensor while Piezol to be an
diurnal one and together they contribute to the circadian rhythm [2].

HRYV is widely used in the investigation of the heart, and is considered an essential diagnostic
tool in cardiology. Higher HRYV is often associated with better fitness and heart adaptability, while
reduced HRV is commonly linked to various pathological conditions, including congestive heart
failure, diabetic neuropathy, mental disorders and cancer [5,6].

Researchers and clinicians use time-domain, frequency-domain, and non-linear indices to
measure HRV, by typically analysing time-resolved electrocardiography (ECG) or pulsometry
signals [7-9]. Time-domain indices are derived from the time series of RR-intervals, and capture the
variability in HRV over the monitoring period. The mean RR (or NN) interval or, equivalently, the
average HR, are the simplest time-domain indicators. Other time-domain measures, such as the
standard deviation of normal-to-normal RR intervals (SDNN), represent the overall variability (both
short- and long-term), while the root mean square of successive differences (RMSSD) is more suited
to quantify short-term variability [7].

Frequency-domain analysis involves calculating the absolute or relative power and , within
high-frequency (HF), low-frequency (LF), very-low-frequency (VLF), and sometimes, for long-term
recordings, ultra-low-frequency (ULF) bands [10]. Using a more sophisticated time-frequency-
analysis tool, the wavelet-transform, Stefanovska and co-workers divided the VLF band into two
more intervals, corresponding to distinct spectral peaks found in this range [11]. More generally, it
was established that the cardiovascular dynamics (including peaks found in the HRV spectra) can be
associated to “deterministic” origins, while there also exists a strong stochastic (noise-like)
component, as well [12]. In a series of papers, Stefanovska and co-workers have interpreted the
“peaks” as a result of coupling among at least 5 different oscillatory mechanisms (cardiac activity,
respiratory activity, myogenic activity, neurogenic activity, and endothelial activity, in descending
order of frequency range) [13,14]. Lately, they pointed out that if coupling between oscillations and/or
their frequency changes in time, it might lead to a noise-like feature occur in conventional spectral
analysis [15]. As a possible physiological background, it has recently been raised that mitochondrial
high-frequency oscillation converted into low-frequency oscillations by Piezo2 may also be involved
in the coupling of the 5 abovementioned oscillatory mechanism, involving proprioception, and
Piezo2 is likely the principle coupler of these oscillations [2] Important to note that in realization of
the significance of this coupling mechanism, an expert panel redefined respiratory sinus arrhythmia
as respiratory heart rate variability recently [16]. In support, the role of respiration in terms of Piezo2
(and Piezol to a lesser degree) modulated regulation of HRV has been emphasized earlier [3], and
intracranial pressure-pulsatility induced Piezo2 related coupling of cardio-respiratory and brain
rhythmicity was reported, as well [17].

Nonlinear methods and indices (e.g., entropy measures such as Shannon entropy, “Forbidden
words”, “Plvarl0” or Renormalized entropy of periodograms) assess the complexity and
unpredictability of the time series of interbeat intervals [18]. Due to the heart's complex regulation
system, HRV cannot be fully described using linear methods alone, prompting the use of nonlinear
techniques [19-22]. In detail, here, we deal only with the traditionally most frequently used ones,
namely, the Poincaré plot, sample entropy (SampEn), and detrended fluctuation analysis (DFA).
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Sample entropy SampEn measures the complexity of HRV, while Detrended fluctuation analysis
(DFA) evaluates correlations in HRV data across different time scales. Short-term (al) and long-term
(a2) fluctuations are measured by the slopes of a log-log plot of correlation coefficient versus segment
length [7,8]. The Poincaré plot visualizes the correlation between consecutive RR intervals by plotting
RRj+1 against RRj, and the shape of the plot is quantified using an ellipse fitted to the data. The ellipse's
width (SD1) and length (SD2) are considered to represent short-term and overall HR variability,
respectively [23].

HRYV analysis is nowadays routinely applied in clinical cardiology and stress-relaxation studies
[24-27]. When choosing HRV measures from the time-domain, frequency-domain, and non-linear
methods to track clinical progress or performance, the choice often depends on the investigator's
intuition and preference. This choice is further complicated by the well-known but often ignored fact
that changes in HR do affect HRV. E.g., a decrease in HR leads to an increase of typical HRV indices,
while an increase in HR generally decreases HRV parameters such as SDNN and RMSSD [28-31].
Nearly all parameters that describe instantaneous HRV (i.e., excluding time-averaged measures) are
influenced by HR, such as the time-domain, frequency-domain, or nonlinear measures [32-36], and
this dependence is generally pivotal, namely, it usually masks the effects of all the other factors on
HRV. For instance, if the relationship between the common HRV parameter, RMSSD and the HR is
not appropriately considered, then the variability parameter will primarily reflect changes in the
heart rhythm, and it will not provide independent physiological information [36].

However, lacking the exact function that describes the relationship between HRV and HR, there
has been no practical way to define a single, “heart-rate-corrected” HRV parameter that could
properly account for the HR-dependence. Some papers even argued that the existence of such a well-
defined HRV(HR) function might mean that HRV does not contain extra information to what HR
does [33]. Lately, it has been shown that while a well-defined RMSSD(HR) function indeed exists,
and shows a remarkable invariability on the level of an individual from the hours to months scale
(hence it is called the “Master Curve”, MC) [36], momentary deviations from it on the seconds to
minutes scale do occur, and reflect changes in the sympatho-vagal balance, due, e.g. to stress or
relaxation [37]. Longitudinal analyses also revealed changes of the MC on the decade scale, as well
[36], which may be associated with the age-dependent degradation of the cardiac regulatory
mechanism. Nonetheless, Piezo2 (and Piezol to lesser degree) provides a molecular interpretation
for the HR dependence via pressure pulse detection and age-dependence through a quad-phasic
non-contact injury mechanism arising first as a transient acquired Piezo2 channellopathy, but later
chronification follows with repeated bout of non-contact injuries, leading to the degradation of this
fine-tuning protein [4].

As for the HR-dependence of the spectral and nonlinear HRV parameters, we should highlight
the contribution of Platisa and coworkers presented the spectral components of HRV, sample entropy
and DFA exponents as a function of RR intervals [35,38—41]. For the age dependence of various
entropy parameters, Porta et al., Voss et al., have presented valuable data [20,42—44].

More recently, Stefanovska and coworkers, as well as Tsaneva and coworkers also presented
notable analyses of HRV data by time-and frequency-domain [14,45,46], as well as nonlinear
descriptors [9,47-50].

All the above works, along with many others, are fundamental contributions towards a deeper
understanding of the complex mechanism via which the ANS influences the fluctuations of the HR
time series, however, a more complete exploration of this stochastic process is at need. Namely, a
comprehensive study revealing the connections of the various HRV parameters as a function of HR
has still been missing. A justification for such a study is that the HRV curves in this representation
are the easiest to interpret in terms of PNS and SNS effects (see, e.g., Figure S2 and S3) on the ultradian
time scale of minutes to hours. Age-dependence, on the other hand, reflects long-term changes in the
cardiac control of ANS, typically on the scale of decades to years. Investigation of such a combination
of dependencies, namely both HR- and age-dependence on a large database has not been
accomplished, so far, either.

Correspondingly, the current study aims to address this gap by performing a comparative
statistical analysis of ECG recordings from a public database, containing 24-hour-long ECG
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recordings of 200 healthy individuals, with a focus on the HR-dependence of typical time-domain,
frequency-domain, and nonlinear HRV parameters, which reflect the same stochastic process from
different viewpoints. Furthermore, the large number of recordings and the wide age distribution of
the volunteers allowed us to make age-cohort studies, as well. In support, the age dependence of the
HRV parameters sheds light on the physiological grounds of the complex regulatory mechanism of
the ANS on cardiac function, since aging is associated with structural and functional alterations in
the brainstem and hypothalamus, regions integral to autonomic regulation [51,52].

Therefore, we propose that our results, clarifying the formal connections between the most
typical HRV parameters via analyzing their HR- and age-dependence, will facilitate a more insightful
interpretation of HRV data in cardiovascular research and medical practice.

2. Materials and Methods

ECG data were obtained from a public database of the Telemetric- and Holter-ECG Warehouse
(“THEW?”) at the University of Rochester Medical Center, New York, United States [53]. The 24-h
Holter recording data of 202 healthy volunteers (Database Normal, EHOL-03-0202-003, age ranging
from 9 to 82 years) were analysed. In this study, we examined time-domain HRV parameters
RMSSD and SDNN directly calculated from the time series of RR intervals extracted from the ECG
recordings, the frequency-domain parameters LF, HF and very-high-frequency (VHF) power
obtained from Fast Fourier Transform (FFT)-spectra of the RR and dRR time series, while among the
nonlinear measures the DFA exponent al (with m =2 and r = 0.2xSDNN), and the Poincaré plot were
derived from RR time series, according to their definitions (Table 1), using a MATLAB code written
by one of us (A.B., Supplementary Information). Note that, since here we examined only healthy
subjects” recordings, where the percentage of extrasystoles is negligible, we approximated the NN
time series with the corresponding RR time series, filtered for outliers (Figure S1).

The evaluation methods were applied to each valuable ECG recording, and the relationships
between the time-, frequency-domain and nonlinear parameters are shown via HR data of a typical
healthy individual (age:21, male), doubled with age-cohort-averaged data of healthy people.

2.2. Data Acquisition and Preprocessing

The time series were filtered for outliers by a MATLAB routine “isoutlier”, with moving median
30 points (MathWorks, 2020).Intervals exceeding +2 seconds or with biologically implausible HR
values (>250 bpm) were excluded. Remaining RR intervals were converted from seconds to
milliseconds for further analysis. The cumulative RR time series was also computed to obtain a
uniform time base.

2.3. Modified Poincaré Analysis and M-Curve Construction

To characterize the beat-to-beat variability, a modified Poincaré approach was employed. HRV-
related Poincaré plots are graphical representations of the relevant RR time series [23]. The Descartian
coordinates of the i-th point are Ri and Ri+, respectively, where Ri is the i-th RR interval (Figure 1a).
The Poincaré plots can then be transformed to the so-called Bland-Altman representation ((Ri + Ri+)/2,
Ri1— Ri). Note that the Bland-Altman plot is a difference plot, usually used to compare two different
series of measurements of the same thing or process, in order to reveal, e.g., possible systematic
differences, due to inaccuracies of the different measuring instruments [54]. Here, we used it in an
unusual way, inasmuch as we applied it to the same time series, but one of the counterparts is
”shifted” by one data point. and thereby, we arrive at a transformation of the Poincaré scatter plot,
where the points are now distributed quasi-symmetrically around the abscissa (Figure 1b and c).
From this, after a conversion from the RR- to the HR-scale (Figure 1c), and fitting Gaussians to the
dRR distribution at each HR, a high-accuracy RMSSD(HR) plot can be determined, which is called
the “Master Curve” (MC) (Figure 1d) [36].
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Figure 1. (a) Poincaré plot of a typical RR time series. (b) The same in Bland—-Altman-like representation. (c) ARR
(=dRR) as a function of heart rate (HR), as calculated from the data in (b). The color code shows the frequency of
the data. (d) The RMSSD versus HR curve (MC), determined from data in (c), as the RMS of the distribution of
ARR values at each HR. The red lines stand for illustration of the way of calculation at an ad hoc HR value.
(Reproduced from Buzas et al. [36].).

The derivative of the RR intervals (dRR) was computed, and each value was assigned to its
corresponding mean RR-derived HR. A two-dimensional histogram was constructed for dRR values
across discrete HR bins (1 bpm resolution), resulting in a matrix representation of the variability
profile (mPP). For each HR level, a Gaussian model was fit to the dRR histogram to estimate the width
of the variability distribution, resulting in the M-curve. Data points were excluded from further
analysis if the Gaussian fit quality (R?) was below 0.01 or if the data were sparse.

The M-curve was subsequently fit using a two-component noise model detailed in [36]. The
model was implemented via nonlinear curve fitting, using the Trust Region algorithm.

2.3. Spectral Analysis

The RR and dRR time series were interpolated to a uniform sampling rate of 4 Hz using linear
interpolation. Spectral properties were analyzed using a sliding window fast Fourier transform (FFT)
approach with a window length of 512 samples corresponding to a time window of 128 seconds and
a step size of 50 samples. In each segment, power spectral density (PSD) was computed for both RR
and dRR signals. Note that the length of the epochs we chose was more than 2 times shorter than
what was proposed in a recent paper [19]. The reason for this choice was a trade-off between the
resolution of these slow rhythms and the HR change, since we depicted all HRV parameters as a
function of HR. Although the ULF and VLF bands were not fully resolved this way, it did not
influence our conclusions in the paper.

Standard HRV frequency-domain features were extracted from the PSD: Additionally, the root
mean square (RMS) and standard deviation (SD) of each segment were computed. Normalized FFT
heatmaps were constructed by averaging the spectral content of RR-derivative segments grouped by
HR bins, and then normalizing each bin’s spectrum by its mean spectral profile.

2.4. Nonlinear and Complexity Metrics

For each analysis window, the following additional measures were computed:
Sample Entropy (SampEn) using embedding dimension 2 and a tolerance of 0.2xSD of the signal,
DFA a-exponent (DFA ay): For the DFA analysis, the time series was divided into non-overlapping
segments of lengths ranging from 10 to 100 data points, in 10 steps. These fixed segment sizes (10, 20,
..., 100) were used to evaluate the fluctuation function across different time scales. The RR interval
time series was interpolated at 4 Hz to achieve uniform sampling. All analyses — including
frequency-domain measures (FFT-based spectral analysis), nonlinear metrics (e.g., entropy

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.0641.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 July 2025 d0i:10.20944/preprints202505.0641.v2

6 of 19

calculation, Detrended fluctuation analysis), and time-domain parameters (e.g., RMSSD, SDNN) —
were performed on successive overlapping segments. Each segment contained 512 data points,
corresponding to a time window of 128 seconds. Consecutive segments were shifted by 50 data points
(12.5 seconds), resulting in a considerable overlap between successive windows, which allowed for
high temporal resolution in the dynamic analysis

All computations were implemented in MATLAB R2020 (Supplementary Information), and
computed metrics were saved in individual .mat files per subject for further group-level statistical
analysis.

2.5. Age Cohort Analysis

In order to reveal any systematic dependence of the investigated HRV parameters on the age of
the healthy individuals, we performed an age-class cohort study to determine the averaged HRV
curves for the following age groups: 0-20 years; 20-40 years; 40-60 years and 60 to 80 years, including
data of 73, 86, 32 and 9 volunteers, respectively. In other words, we calculated the mean HRV values
of individuals belonging to each age group, at each integer HR value.

Notably, the group-averaged M-curves show the characteristic feature of two exponential-like
phases separated by a transition zone around a “break point”. The similarly derived curves for the
nonlinear measures, SampEn and DFA exponent, however, showed typical ”V-shaped” and ”dome-
shaped” courses, respectively, with turning points close to the break points in MC. Note that both the
M-curves and the nonlinear parameters utilized such measures (Gaussian with of a distribution,
entropy, etc.) that are invariant to the sample size, so their respective values for different age cohort
can be directly compared, provided that their noise level allows it. In this context, the point-to-point
smoothness of the group-averaged curves describing the change of the time-domain and nonlinear
parameters versus HR (in terms of relative errors below the break points: 0.0029, 0.0019, 0.0037,
0.0114), and for SampEn (relative errors below the turning points: 0.0117, 0.0032, 0.0096, 0.0144) for
the 4 cohorts in ascending age, respectively), which clearly allowed to reveal the interrelated age-
dependence of these parameters (Figures 2 and 7), despite that the uncertainty of some of these
parameters might be high at some regimes, especially above ca. 150 bpm, for the relatively low
numerosity in the eldest cohort group.

Table 1. List of the main parameters used in this study.

Parameter Definition Mathematical formula

Measures short-term HRV
based on the square root of ~RMSSD

RMSSD tbe mean of the N-1 quJared ; M
differences between adjacent = N1 Z (RR;+1 — RR;)?
RR intervals. Reflects A
parasympathetic activity.
SDNN
Standard deviation of all RR N1
intervals. Reflects overall 1 Z
= |——= ) (RR; —(RR)))?
SDNN HRV (both sympathetic and N-14 ‘ ‘
parasympathetic).
Power in the very low 00iH
. z
frequency range (0.0033-0.04 f F(RR)dw
Hz). Link 0033Hz
VLF (Very Low Frequency) 2). Linked to 0003H

thermoregulation, hormones, (RR) Fourier transform of
and other slow-acting RR time series

regulatory mechanisms.
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Power in the low frequency
range (0.04-0.15 Hz). Reflects 015Hz
both sympathetic and fo
parasympathetic activity.

LF (Low Frequency) F(RR)dw

.04Hz

Power in the high frequency
range (0.15-0.40 Hz). Mainly 04Hz
HF (High Frequency) reflects parasympathetic f F(RR)dw
(vagal) activity, associated 015Hz
with respiration.

VHF (Very High Frequency) Power in the very high
frequency range (>0.4 Hz). max(w)
May reflect noise or specific fo
physiological phenomena.

F(RR)dw
4Hz

Entropy (SampEn, ApEn)  Measures the complexity or SampEn(m, r, N) = In(A/B)
TmpredlcFablhty .of RR' A = N(d[Xyp s (D), X ()]
interval time series. Higher <7
entropy = more complex
signal. [55] B = N(d [Xm (i): Xm (])] < T')

N number of vector pairs

in our case m = 2,
r=0.2-SDNN

DFA (Detrended Fluctuation Detects fractal scaling 1 Ns 1<
Analysis) properties in HRV, capturing F(s) = ﬁz gz ()
long-range correlations. e ;
Useful in non-stationary
data. [56] - 9D

/2

F(s) «x s*
a is scaling exponent

(s=10, 20, ..., 100)

3. Results and Discussion
3.1. RMSSD and the Poincaré Plot

Although the use of traditional time-domain HRV parameters, such as RMSSD or SDNN, lately
seems to be fading into the background in favour of frequency-domain and nonlinear ones
[15,21,44,50], establishing a closer connection between these time-domain and nonlinear measures
has recently allowed to recapitalize the advantages of the former, too [36]. The new analysis requires
several-hours-, preferably 24-hours-long recordings. Figure 2a shows a Bland-Altman-type
representation of the conventional Poincaré plot of a typical individual from the THEW data base,
where from the MC, representing the HR-dependence of RMSSD, was calculated, as described above
(Figure 2b). Although the nonlinear nature of RMSSD dependence on HR is well-known among
experts, the new method based on Bland-Altman plots allowed the determination of the RMSSD(HR)
function (called MC) with unprecedented precision, offering a rather sensitive method to measure
HRV, which is able to reveal subtle effects, such as those due to delayed-onset muscle soreness
(DOMS), as well[2]. To demonstrate the advantages of the MC method, RMSSD as calculated directly
from the RR time series data by a conventional sectional evaluation of the HR time series with a
rolling time window (width = 128s, step size = 12.5s) is shown together with the MC in Figure 2c.
When selecting the optimal width of the time window, one has to consider the problem stemming
from the time dependence of HR. If the analysis is restricted to short time intervals (where HR does
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not change significantly), it results in a higher uncertainty in HRV, as compared to the MC method
(Figure 2c). Although, longer averages reduce the level of fluctuations in the sequential time-window
analysis, as well, but they are inevitably associated with information loss on the HR scale. Hence,
whenever it can be applied, the MC method is preferred to use for the determination of the
RMSSD(HR) dependence. As it was established in Buzas et al [36], the MC is rather stable for an
individual on the days to months scales, so it can be used as a good reference for the cardiac state of
a person. On the cohort level, it was pointed out, however, that aging and myocardial infarction do
influence MC, so a change of MC is considered to reflect remodelling of the heart. In Figure 2d, we
show the age-cohort-averaged Master Curves according to a new age classification (the start and end
ages of the cohorts are also indicated on the plot), showing a gradual decline of the HRV level, as age
progresses [36]. It has also been shown that MC can be decently interpreted by a two-component
stochastic model, where the two noise components were tentatively attributed to sympathetic and
parasympathetic influence, PNS effects being more dominant at low heart rates (HR< ca.100), while
SNS effects above (Figure S3) [36]. Recent publications suggest that MC represents the mean
sympatho-vagal balance as a function of HR, and short-term (i.e., minute-scale) deviations from it are
indicative of actual fluctuations of the SNS and/or PNS effects [36,37]. A new HRV-indicator based
on the actual RMSSD normalized to the Master Curve was successfully used to characterize stress
responses and relaxation [37].
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Figure 2. Master Curve plots of a typical individual. a) Bland-Altman plot of of RR data, as a function of HR. b)
Master Curve (In(RMSSD versus HR), ¢) In(RMSSD calculated by the conventional method (blue dots) and MC
(black line), d) Age-cohort-averaged Master Curves, showing an overall decrease of HRV level as age progresses.
The different cohorts are distinguished by colors, while their start and end ages in years are indicated aside the
symbols.

3.2. Fourier-Components Versus RMSSD and SDNN

Fourier-transform of the RR or dRR time series is used for the spectral description of HRV,
commonly using the FFT algorithm. FFT analysis of the RR(t) data usually show characteristic
features in the VLF, LF and HF ranges, respectively. In the FFT spectra of dRR data, however, the
ULF and VLF components are overdamped, hence, usually only the LF and HF features are
considered.

Unless the so-called ULF band (w < 0.0033Hz) is investigated, like in the thorough analysis by
McClintock and co-workers [14], FFT is usually performed on HRV(t) (i.e., RR or dRR time series)
data within a few-minutes-wide time window (of a width usually between 2 and 5 minutes), which
is shifted along the time scale. The RR or dRR time series should be interpolated by equidistant
sampling beforehand, and then an average HR value can also be assigned to each interval. Because
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of the strict mathematical relationship between frequency- and time-domain parameters, if the
former show a HR-dependence, the latter should also do so.

Figure 3a shows the averaged FFT map of all the healthy people’s dRR data from the THEW
database, as a function of HR. While the conventional LF and HF bands present explicit spectral
features at “normal” heart rates (HR up to ca. 120 bpm), a more diffuse but non-negligible feature
also emerges mainly in the VHF region (> 0.4 Hz) at higher heart rates (above ca. 100 bpm, Figure 3a
and b). One should establish that it appears in the range of high HRs, where SNS effects dominate,
and as such, it is expected to be an important status indicator in neurology, cardiology, aging or
sports applications.
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Figure 3. a) Colour-coded averaged Fourier-map of the dRR data of all the 200 healthy individuals. (The data
are normalized at each HR.) The white horizontal lines indicate the boarder-frequencies dividing the different
bands (VLF, LF, HF and VHF). b) Frequency spectra taken at different HRs: 50bpm (red), 100bpm (blue) and
150bpm (yellow).

Spectral components in the VHF band are rather scarcely discussed in the literature, and their
interpretation is still tentative [57]. They were first observed by Akselrod et al. on heart-transplanted
patients, and then on healthy subjects, as well [58]. Later on, Chang et al. [59] showed that the VHF
components may be influenced by some autonomic maneuvres, such as paced respiration and head-
up tilt. More recently, Estévez-Baez et al. investigated the VHF components on healthy subjects and
patients with cardiovascular autonomic neuropathy. They tentatively assigned them to the lack of
parasympathetic feedback on the heart rhythm [57].

So far, however, no one investigated the HRV-spectral components in the VHF band
systematically as a function of HR. Our Fourier-map representation reveals that it is rather a broad
spectral feature, typically between 0.3 Hz and 1 Hz, that is spread also along the HR coordinate
(hence, we call it “cloud”). It appears only at higher heart rates, typically starting shortly above 100
bpm, just around the breaking point in the MC, where parasympathetic control is assumed to fade
away, and sympathetic effects start to dominate. By further raising HR, the VHF cloud increasingly
dominates the Fourier map, suggesting its close connection with the SNS effects.

Our age-cohort analysis provides an interesting support to the above statement: The 24-hours-
long ECG recordings of the THEW database, registered on healthy people of ages between 9 and 82
years, were classified into 5 age cohorts, and the cohort-averaged FFT spectral maps were compared
(Figure 4).

The position and relative intensity of the cloud shows a marked age-dependence, gradually
shifting its centre towards both lower frequencies and HR values, eventually partially merging into
the HF band at ages above 60.

In view of all these, we consider the VHF cloud an important marker of SNS-effects of the heart.
Although the exact physiological assignment of this feature cannot be made at the moment, a recent
study on athletes about the connection of HRV and DOMS may give some hints [2]. Based on these,
the current authors interpret this finding as the fine HR-dependent regulation of HRV through Piezo2
(and to a lesser extent by Piezol) is degraded with the aging process, due to protein degradation.
This is in support of the repeated Piezo2 channelopathy-induced quad-phasic non-contact injury
model, where the quadric stage is the aging-dependent inflammaging process in association of Piezo2
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degradation [4]. Hence, the likely Piezo2 driven coupled modulation between the sympathetic and
parasympathetic tone is degraded with aging and pushed to lower HR territories. Important to note
that decoupling is likely driven by GABA and Cav1.3 ion channel takes over this HR dependent
regulation of HRV with diminished fine-tuning from there on [2]. However, Piezo2 will likely not
able to convert the high-frequency oscillations of mitochondria to low-frequency oscillations with
aging at higher HR domains (not to mention the underlying depletory capacity of mitochondria with
aging) due to its lost low-frequency Schottky barrier diode-like feature at these higher territories [2].
Therefore, the VHF “cloud” in the HRV-representation is suggested by the authors to emerge as a
consequence of oscillations of elevated subthreshold calcium current influx induced calcium wave
propagation coupled to Cavl.3 due to Piezo2 degradation, breaking into lower and lower HR
territories as age increases. Indeed, Piezo2 is present in the atrium and ventricle of the heart [60,61],
and aging-associated deterioration of the calcium handling is observed in human right atrial
myocytes [62]. Our interpretation is an in-depth support of earlier observations of VHF. A VHF
presence was observed during exercise of orthotopic cardiac transplanted patients as a likely intrinsic
activity of the heart muscle through atrial stretching with no measurable LF component [63,64].
Noteworthy, that LF power is theorized to represent the activity level of Piezo2 [3], and Piezo2 is a
stretch-gated ion channel [65] Important consideration that Piezo is evolutionarily conserved, and
Piezo is the ion channel in charge of mechanical stress buffering by modulation of intracellular
calcium handling in Drosophila heart, while the functional mutation of PIEZO fails to mitigate
mechanical stress, resulting in pathological remodeling [66].

Further targeted physiological studies are needed to explore the full diagnostic value of this new
spectral feature, but it is clear that this effect points at the increased weight of SNS effects, as age
progresses. Our new findings are also in line with independent physiological evidences for the
increase of the SNS activity by age in humans, which has been observed in both basal (resting)
conditions and in response to stress or physiological challenges. In support, Monahan et al.
demonstrated that aging is associated with increased sympathetic nervous system activity and
reduced parasympathetic modulation, which may contribute to the development of age-related
hypertension [52]. Esler et al. observed elevated plasma norepinephrine levels and increased
sympathetic nerve firing rates as aging is progressed [67].

In support of the reduced parasympathetic modulation, the weight of the HF band shows a
marked decrease (until the “VHF cloud” merges into it). This is in line with the findings of Iatsenko
et al, who observed a decreased coupling efficiency from the respiratory system to the cardiac one
[68].
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Figure 4. Age-cohort averaged dRR Fourier-maps, showing the shift of the core of the VHF “cloud” to lower
HRs.

Due to the strict connection between the HRV(w) and HRV(t) data (where w is the angular
frequency, and t is time), a quantitative statement can be established for the HR-dependence of such
time-domain HRV parameters as RMSSD or SDNN and that of the Fourier-components of the FFT
power spectra. Namely, the following equations hold:

1 N-1
SDNN = kZ\X(m)F

X(w) = F{RR} and

1 N-1 1 N-1 1 N-1
P 2 — 2 — 2
RMSSD = Zlv(w)l =5 Zwlx(w)\ =¥ w|X(w)
k=0 k=0 1

k=

Y(w) = F{dRR} ~ wF{RR}

The name of the underlying mathematical relationship is Parseval’s theorem, which expresses
the unitarity of the Fourier transform, loosely stating that the “energy” of the signal should be equal
by summing power-per-sample across time or spectral power across frequency [69]. To translate it
for our case: the HRV amplitude associated for a certain HR should be the same whether it is
calculated from the time-domain parameters or the corresponding frequency-domain ones. From
this, it follows that RMSSD(HR) and SDNN(HR) can be regained from the superposition of the
LF(HR), HF(HR) and VHF(HR) functions. Using the data of the selected typical individual, Figure 5
shows that it is indeed the case, with good approximation.
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Figure 5. a) dRR Fourier-map, and b) RR Fourier map of the selected, typical individual. c¢) Power-spectrum
coefficients of the different dRR Fourier-spectral components (VLF (magenta), LF (red), HF (blue) and VHF
(green), and their superposition (black), with the almost perfectly overlapping MC (dashed black), as a function
of HR. d) Power-spectrum coefficients of the different RR Fourier-spectral components (VLF (magenta), LF (red),
HF (blue) and VHF (green), and their superposition (black), with the overlapping scatter plot of the SDNN(HR)
values obtained from the conventional (shifting time-window) evaluation (cyan points), as a function of HR.

3.3. Fourier-Components Versus Nonlinear Measures (DFA and SampEn)

DFA analysis and SampEn report rather on the structure of HRV fluctuations than on the size of
them. DFA analysis evaluates the degree of correlation between each RR interval and the preceding
and following RR intervals across various time scales. The algorithm first divides the integrated time
series of 10 intervals into bins of length N. In each bin, a least-squares line is fitted to capture the local
trend. The integrated time series is then detrended by subtracting the local trend in each bin. The
root-mean-square fluctuation of the integrated and detrended time series is subsequently calculated
for all bin lengths, ranging from N =10 to N = 100 RR intervals. The « coefficient, which quantifies
the relationship between fluctuations and bin length on a log-log plot, determines the extent of long-
range correlations. An a1 value of 1.00 indicates perfect correlations across all time scales, while an
ou value of 0.50 signifies complete lack of correlation with previous and subsequent intervals [7,70].

Figure 6d shows the au (HR) plot of the selected individual, whose RR data were used in the
former HRV analyses in this paper. In spite of the relatively large standard deviation, the overall
trend is clearly visible: While at the lowest HR values (HR = 60-65 bpm), the DFA coefficient, al is
close to 0.5, there is a rising tendency up to HR ~ 120-130 bpm, al reaching a maximum value of
shortly over 1, above which HR range, it starts to decline to lower values, again. The statistical
meaning of this is that while HRV statistics at low HR values is close to that of an uncorrelated white
noise, around its zenith it approaches al=1, representing a strongly correlated pink (1/f) noise, and
at even higher HR values, it returns toward a less correlated fluctuation statistics. Entropy, reporting
the degree of disorder, reflects a corresponding anti-correlation with the DFA exponent. The
uncorrelated white-noise-like state corresponds to the highest value, and then, after reaching a
minimum showing a stronger level of correlation at HR ~ 130 bpm, it starts to rise again as HR grows
(Figure 6a). Important to note a recent unpublished preprint paper assigned this minimum to Piezo2
inactivation moment [2]. The corresponding frequency spectra are in line with the above: at HR ~ 65
bpm, the noise spectrum shows a relatively flat feature (slope = 0), at other HR values it shows a
steeper negative slope, reaching its extremum (slope = -2) around 130 bpm, representing an 1/f>-like,
correlated noise.
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Figure 6. a) SampEn values calculated from RR data in a 120s-wide sliding window analysis, b) DFA exponents
(al) from a sliding-window analysis. c), d) and e) Frequency spectra associated to 65bpm, 85bpm, 110bpm and
130bpm, respectively.

An age-cohort analysis shows the above relations between the DFA-exponent and SampEn even
more clearly (Figure 7). The cohort-averaged plots show a nice anti-symmetry, revealing that the
decline of al at high HRs is real, whose pandant is seen as a rise of SampEn in the same range. Our
findings are in concert with the earlier results of Platisa et al., who depicted the DFA-exponent and
SampEn as a function of the RR-interval lengths, and found extrema around the same RR value in
both cases [38]. They also hypothesized that the abscissa of this “turning point”, Hy (ie., the
minimum place for SampEn and the corresponding maximum place of a1) might reflect the intrinsic
heart rate, Hi (i.e., the HR measurable at full autonomic blockade) [38,41]. This would mean that Hi
could be determined non-invasively, without pharmacologically blocking the effects of PNS and SNS
on the cardiac cycle. Our age-cohort-averaged data, indeed, show a similar tendency of declination
for Hy, as it has earlier been determined for Hi [71], implying a possible close connection between Hip
and Hi. Note that a decrease of HRi to lower values by age is also in concert with an increasing
sympathetic dominance. Recent studies of Singh et al., using other nonlinear HRV measures, such as
Approximate Entropy (ApEn) and Recurrence Quantification Analysis (RQA) analysed two age
cohorts (“young” and “elderly” subjects), also came to a similar conclusion [72], suggesting that ApEn
and RQA could more sensitively measure age-dependent effects than linear parameters can do. It is
important to add here that according to earlier literature data, the complexity of HRV also shows a
characteristic age dependence, inasmuch as it significantly decreases by age [14,20,42-44].

It is also worth emphasizing that similarly to the decrease of Hip and Hi values, the centre of the
VHF “cloud” also decreases as age progresses. This is a nontrivial correlation in the sense that, unlike
the weight of the spectral components, the nonlinear HRV parameters do not directly measure the
specific peaks considered a manifestation of ANS-related effects, but rather reflect the background
noise structure, probably governed by coupled oscillations and fluctuations of other regulatory
processes [46]. Hence, they must carry some independent information, as well, to those HRV time-
or frequency-domain parameters that measure the amplitude (power) of fluctuations.
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Figure 7. a) Age-cohort-averaged entropy values and b) DFA exponents, as a function of HR.

4. Conclusions

Based on the intrinsic HR- and age-dependence of typical time- and frequency-domain HRV
parameters and nonlinear HRV indices, we carried out a comparative study to reveal their
fundamental connection, which is substantiated by basic mathematical considerations, and was
experimentally demonstrated via the analysis of 24-hours ECG recordings of more than 200 healthy
individuals.

We confirmed that the HR-dependence of one of the most frequently used time-domain
parameters, RMSSD can be derived from Poincaré plots, as well, and that this “Master-Curve”
representation seems to be superior to the conventional method. MC reflects both PNS and SNS
effects, and represents the medium-term sympatho-vagal balance (from the hours to months scale).
Momentary deviations from it (on the second to the minute scale) are indicative of the actual changes
in, e.g., mood or stress [37], while long-term changes (on the years to decades scale) can be attributed
to irreversible decline of the complex regulatory mechanism governing the dynamics of cardiac
function (see also [36]). Moreover, we relate both the HR-dependence and age-dependence to Piezo2
function.

In addition to this, we showed that the RMSSD(HR) and SDNN(HR) plots can also be
reproduced from the Fourier-spectral components of the original RR time series, which is a natural
manifestation of the Parseval theorem. As an illustrative tool for the visualization of the HRV spectra,
we used a novel Fourier-map representation. By comparing the HR-dependence of the Fourier-map
and the Master Curve, we found a new cloud-like structure of the HRV frequency spectrum. It is
confined mainly in the VHF band, and must be an important indicator of the effects of sympathetic
nervous system on the heart rhythm. By an age-cohort evaluation, it was found that this “VHF band”
is gradually shifted to lower HR regimes, as age progresses, and as such, it may be an important
indicator of the age-related lost remodeling capacity of the heart at gradually lower HR territories.
Noteworthy, that acquired Piezo2 channelopathy is proposed to be the breach of homeostatic
remodeling [4], or the aforementioned pathological remodeling. We expect it to be utilized in the
diagnostics of various cardiovascular diseases in the near future [67].

An anti-correlation between the DFA exponent () and sample entropy is apparent both on the
individual and the cohort levels, which could be interpreted by frequency-spectral features of the
HRYV, as well. One can establish that these nonlinear indices report on the stochastic structure of HR
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fluctuations, contrary to the other time- or frequency-domain HRV measures that reflect direct PNS
and SNS effects on the power of the HRV signal, hence, they carry independent information about
the complex regulatory mechanism of the cardiac cycle, too. More formally, if we unfold the HRV
function to a slowly-changing “amplitude” factor and a rapidly-oscillating “noise” factor, we can
write HRV in the time and frequency domains, as: HRV(t) = a(t)-&(t), and HRV(w) = A(w)-E(w),
respectively, where the second equation is the Fourier-transformed version of the first. In this case,
the typical time-domain parameters (such as RMSSD or SDNN) report on a(t), while such nonlinear
parameters as SampEn, or the DFA exponent report on the noise structure (&(t)), so the two types of
measures can carry independent information hence, for the full description of HRV, both are
necessary. The frequency-domain HRV(w) parameters, on the other hand, are determined by both.
Accordingly, the age-dependence of the extremum-places of these nonlinear measures seem to show
correlation with the frequency-shift of the diffuse structure of the HRV spectrum, which can probably
be assigned to increasing SNS dominance, as age progresses.

On the whole, we believe that our new findings regarding the phenomenology of HRV will shed
more light on the context of various HRV measures, and will contribute to a deeper interpretation of
the effects of external and internal factors associated to normal physiological or pathological
phenomena.
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Abbreviations
The following abbreviations are used in this manuscript:
ANS Autonomic nervous system
DFA Detrended fluctuation analysis
ECG Electrocardiography
FFT Fast Fourier Transform
HF High-frequency
HR Heart rate
HRV Heart rate variability
LF Low-frequency
MC Master Curve
NN Normal-to-normal RR intervals (NN and RR are used here synonymously)
PNS Parasympathetic nervous system
RMSSD Root mean square of successive differences

RR; dRR Length of the RR interval, Length-difference of successive RR intervals
SampEn Sample entropy

SDNN Standard deviation of normal-to-normal RR intervals
SNS Sympathetic nervous system
THEW Telemetric- and Holter-ECG Warehouse
VHF Very-high-frequency
VLF Very-low-frequency
References

1. Billman, G.E. Heart Rate Variability? A Historical Perspective. Front. Physio. 2011, 2,
doi:10.3389/fphys.2011.00086.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.0641.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 July 2025 d0i:10.20944/preprints202505.0641.v2

16 of 19

2. Langmar, G,; Siimegi, T.; Fiilop, B.; Pozsgai, L.; Mocsai, T.; Téth, M.; Racz, L.; Kopper, B.; Dér, A.; Bazas,
A.; et al. HRV Alterations During Delayed-Onset Muscle Soreness Inducing Exercise — with Piezo2
Interpretation 2025.

3. Sonkodi, B. LF Power of HRV Could Be the Piezo2 Activity Level in Baroreceptors with Some Piezol
Residual Activity Contribution. IJMS 2023, 24, 7038, doi:10.3390/ijms24087038.

4.  Baléazs Sonkodi Acquired Piezo2 Channelopathy Is One Principal Gateway to Pathophysiology. Frontiers of
Bioscience-Landmark 30, 33389, doi:10.31083/FBL33389.

5. Schiweck, C.; Piette, D.; Berckmans, D.; Claes, S.; Vrieze, E. Heart Rate and High Frequency Heart Rate
Variability during Stress as Biomarker for Clinical Depression. A Systematic Review. Psychol. Med. 2019,
49, 200-211, doi:10.1017/S0033291718001988.

6.  Kloter, E.; Barrueto, K; Klein, S.D.; Scholkmann, F.; Wolf, U. Heart Rate Variability as a Prognostic Factor
for Cancer Survival — A Systematic Review. Front. Physiol. 2018, 9, 623, doi:10.3389/fphys.2018.00623.

7.  Tarvainen, M.P.; Niskanen, J.-P.; Lipponen, J.A.; Ranta-aho, P.O.; Karjalainen, P.A. Kubios HRV — Heart
Rate Variability Analysis Software. Computer Methods and Programs in Biomedicine 2014, 113, 210-220,
doi:10.1016/j.cmpb.2013.07.024.

8.  Shaffer, F.; Ginsberg, ].P. An Overview of Heart Rate Variability Metrics and Norms. Front. Public Health
2017, 5, 258, doi:10.3389/fpubh.2017.00258.

9.  Georgieva-Tsaneva, G.N. Time and Frequency Analysis of Heart Rate Variability Data in Heart Failure
Patients. JACSA 2019, 10, doi:10.14569/IJACSA.2019.0101163.

10. Heart Rate Variability: Standards of Measurement, Physiological Interpretation and Clinical Use. Task
Force of the European Society of Cardiology and the North American Society of Pacing and
Electrophysiology. Circulation 1996, 93, 1043-1065.

11. Stefanovska, A. Physics of the Human Cardiovascular System. Contemporary Physics 1999, 40, 31-55,
doi:10.1080/001075199181693.

12. McClintock, P.V.E.; Stefanovska, A. Noise and Determinism in Cardiovascular Dynamics. Physica A:
Statistical Mechanics and its Applications 2002, 314, 69-76, doi:10.1016/S0378-4371(02)01165-2.

13. Stefanovska, A. Coupled Oscillatros: Complex But Not Complicated Cardiovascular and Brain Interactions.
IEEE Eng. Med. Biol. Mag. 2007, 26, 25-29, doi:10.1109/EMB.2007.907088.

14. Shiogai, Y.; Stefanovska, A.; McClintock, P.V.E. Nonlinear Dynamics of Cardiovascular Ageing. Physics
Reports 2010, 488, 51-110, doi:10.1016/j.physrep.2009.12.003.

15. Rowland Adams, J.; Newman, J.; Stefanovska, A. Distinguishing between Deterministic Oscillations and
Noise. Eur. Phys. |. Spec. Top. 2023, 232, 3435-3457, d0i:10.1140/epjs/s11734-023-00986-3.

16. Menuet, C.; Ben-Tal, A.; Linossier, A.; Allen, A.M.; Machado, B.H.; Moraes, D.J.A.; Farmer, D.G.S.; Paterson,
D.J.; Mendelowitz, D.; Lakatta, E.G.; et al. Redefining Respiratory Sinus Arrhythmia as Respiratory Heart
Rate Variability: An International Expert Recommendation for Terminological Clarity. Nat Rev Cardiol 2025,
doi:10.1038/s41569-025-01160-z.

17. Hamill, O.P. Pressure Pulsatility Links Cardio-Respiratory and Brain Rhythmicity. J. Integr. Neurosci. 2023,
22,143, doi:10.31083/.jin2206143.

18. Wessel, N.; Voss, A.; Malberg, H.; Ziehmann, C.; Voss, H.U.; Schirdewan, A.; Meyerfeldt, U.; Kurths, J.
Nonlinear Analysis of Complex Phenomena in Cardiological Data. Herzschrittmachertherapie und
Elektrophysiologie 2000, 11, 159-173, doi:10.1007/s003990070035.

19. Porta, A.; Faes, L.; Masé, M.; D’Addio, G.; Pinna, G.D.; Maestri, R.; Montano, N.; Furlan, R.; Guzzetti, S.;
Nollo, G.; et al. An Integrated Approach Based on Uniform Quantization for the Evaluation of Complexity
of Short-Term Heart Period Variability: Application to 24h Holter Recordings in Healthy and Heart Failure
Humans. Chaos: An Interdisciplinary Journal of Nonlinear Science 2007, 17, 015117, doi:10.1063/1.2404630.

20. Catai, A.; Takahashi, A.; Perseguini, N.; Milan, J.; Minatel, V.; Rehder-Santos, P.; Marchi, A.; Bari, V.; Porta,
A. Effect of the Postural Challenge on the Dependence of the Cardiovascular Control Complexity on Age.
Entropy 2014, 16, 6686—6704, d0i:10.3390/e16126686.

21. Bara, C; Pernice, R.; Catania, C.A.; Hilal, M.; Porta, A.; Humeau-Heurtier, A.; Faes, L. Comparison of
Entropy Rate Measures for the Evaluation of Time Series Complexity: Simulations and Application to Heart

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.0641.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 July 2025 d0i:10.20944/preprints202505.0641.v2

17 of 19

Rate and Respiratory Variability. Biocybernetics and Biomedical Engineering 2024, 44, 380-392,
doi:10.1016/j.bbe.2024.04.004.

22. Kurths, J.; Voss, A.; Saparin, P.; Witt, A.; Kleiner, H.J.; Wessel, N. Quantitative Analysis of Heart Rate
Variability. Chaos: An Interdisciplinary Journal of Nonlinear Science 1995, 5, 88-94, d0i:10.1063/1.166090.

23. Kamen, P.W,; Tonkin, A.M. Application of the Poincaré Plot to Heart Rate Variability: A New Measure of
Functional Status in Heart Failure. Australian and New Zealand Journal of Medicine 1995, 25, 18-26,
doi:10.1111/.1445-5994.1995.tb00573..x.

24. Brinkmann, A.E.; Press, S.A.; Helmert, E.; Hautzinger, M.; Khazan, I.; Vagedes, ]. Comparing Effectiveness
of HRV-Biofeedback and Mindfulness for Workplace Stress Reduction: A Randomized Controlled Trial.
Appl Psychophysiol Biofeedback 2020, 45, 307-322, doi:10.1007/s10484-020-09477-w.

25. Kim, H.-G.; Cheon, E.-J; Bai, D.-S.; Lee, Y.H.; Koo, B.-H. Stress and Heart Rate Variability: A Meta-Analysis
and Review of the Literature. Psychiatry Investig 2018, 15, 235-245, doi:10.30773/pi.2017.08.17.

26. Lin, I.-M,; Wang, S.-Y.; Fan, S.-Y.; Peper, E.; Chen, S.-P.; Huang, C.-Y. A Single Session of Heart Rate
Variability Biofeedback Produced Greater Increases in Heart Rate Variability Than Autogenic Training.
Appl Psychophysiol Biofeedback 2020, 45, 343-350, d0i:10.1007/s10484-020-09483-y.

27. Rijken, N.H.; Soer, R.; De Maar, E.; Prins, H.; Teeuw, W.B.; Peuscher, J.; Oosterveld, F.G.]J. Increasing
Performance of Professional Soccer Players and Elite Track and Field Athletes with Peak Performance
Training and Biofeedback: A Pilot Study. Appl Psychophysiol Biofeedback 2016, 41, 421-430,
doi:10.1007/510484-016-9344-y.

28. Billman, G.E. The Effect of Heart Rate on the Heart Rate Variability Response to Autonomic Interventions.
Front. Physiol. 2013, 4, doi:10.3389/fphys.2013.00222.

29. Billman, G.E. The LF/HF Ratio Does Not Accurately Measure Cardiac Sympatho-Vagal Balance. Front
Physiol 2013, 4, 26, d0i:10.3389/fphys.2013.00026.

30. Sacha, J.; Barabach, S.; Statkiewicz-Barabach, G.; Sacha, K.; Miiller, A.; Piskorski, J.; Barthel, P.; Schmidt, G.
How to Strengthen or Weaken the HRV Dependence on Heart Rate — Description of the Method and Its
Perspectives. International Journal of Cardiology 2013, 168, 1660-1663, doi:10.1016/j.ijcard.2013.03.038.

31. Monfredi, O.; Lyashkov, A.E.; Johnsen, A.-B.; Inada, S.; Schneider, H.; Wang, R.; Nirmalan, M.; Wisloff, U.;
Maltsev, V.A.; Lakatta, E.G.; et al. Biophysical Characterization of the Underappreciated and Important
Relationship Between Heart Rate Variability and Heart Rate. Hypertension 2014, 64, 1334-1343,
doi:10.1161/HYPERTENSIONAHA.114.03782.

32. Tsuji, H.; Venditti, F.J.; Manders, E.S.; Evans, ].C.; Larson, M.G.; Feldman, C.L.; Levy, D. Determinants of
Heart Rate Variability. ] Am Coll Cardiol 1996, 28, 1539-1546, doi:10.1016/s0735-1097(96)00342-7.

33. Boyett, M.; Wang, Y.; D’Souza, A. CrossTalk Opposing View: Heart Rate Variability as a Measure of
Cardiac Autonomic Responsiveness Is Fundamentally Flawed. The Journal of Physiology 2019, 597, 2599-
2601, doi:10.1113/JP277501.

34. Van Roon, A.M.; Snieder, H.; Lefrandt, J.D.; De Geus, E.J.C.; Riese, H. Parsimonious Correction of Heart
Rate  Variability = for Its Dependency @ on  Heart Rate.  Hypertension 2016, 68,
doi:10.1161/HYPERTENSIONAHA.116.08053.

35. Platisa, M.M.; Gal, V. Dependence of Heart Rate Variability on Heart Period in Disease and Aging. Physiol.
Meas. 2006, 27, 989-998, d0i:10.1088/0967-3334/27/10/005.

36. Buzas, A.,; Horvath, T.; Der, A. A Novel Approach in Heart-Rate-Variability Analysis Based on Modified
Poincaré Plots. IEEE Access 2022, 10, 36606-36615, doi:10.1109/ACCESS.2022.3162234.

37. Rudics, E.; Buzas, A,; Palfi, A.; Szab6, Z.; Nagy, A.; Hompoth, E.A.; Dombij, J.; Bilicki, V.; Szendi, L; Dér, A.
Quantifying Stress and Relaxation: A New Measure of Heart Rate Variability as a Reliable Biomarker.
Biomedicines 2025, 13, 81, d0i:10.3390/biomedicines13010081.

38. Platisa, M.M.; Gal, V. Reflection of Heart Rate Regulation on Linear and Nonlinear Heart Rate Variability
Measures. Physiol. Meas. 2006, 27, 145-154, d0i:10.1088/0967-3334/27/2/005.

39. Platisa, M.M.; Gal, V. Correlation Properties of Heartbeat Dynamics. Eur Biophys | 2008, 37, 1247-1252,
doi:10.1007/s00249-007-0254-z.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.0641.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 July 2025 d0i:10.20944/preprints202505.0641.v2

18 of 19

40. Platisa, M.M.; Nestorovic, Z.; Damjanovic, S.; Gal, V. Linear and Non-linear Heart Rate Variability
Measures in Chronic and Acute Phase of Anorexia Nervosa. Clin Physio Funct Imaging 2006, 26, 54-60,
doi:10.1111/j.1475-097X.2005.00653.x.

41. Platisa, M.M.; Mazic, S.; Nestorovic, Z.; Gal, V. Complexity of Heartbeat Interval Series in Young Healthy
Trained and Untrained Men. Physiol. Meas. 2008, 29, 439-450, doi:10.1088/0967-3334/29/4/002.

42. Porta, A.; Faes, L.; Bari, V.; Marchi, A.; Bassani, T.; Nollo, G.; Perseguini, N.M.; Milan, J.; Minatel, V.; Borghi-
Silva, A.; et al. Effect of Age on Complexity and Causality of the Cardiovascular Control: Comparison
between Model-Based and Model-Free  Approaches. PLoS ONE 2014, 9, e89463,
doi:10.1371/journal.pone.0089463.

43. Voss, A; Heitmann, A, Schroeder, R.; Peters, A.; Perz, S. Short-Term Heart Rate Variability—Age
Dependence in Healthy Subjects. Physiol. Meas. 2012, 33, 1289-1311, d0i:10.1088/0967-3334/33/8/1289.

44. Voss, A.; Schroeder, R.; Heitmann, A.; Peters, A.; Perz, S. Short-Term Heart Rate Variability —Influence of
Gender and Age in Healthy Subjects. PLoS ONE 2015, 10, e0118308, doi:10.1371/journal.pone.0118308.

45. Urbandi¢-Rovan, V.; Megli¢, B.; Stefanovska, A.; Bernjak, A.; AZzman-Juvan, K.; Kocijanci¢, A. Incipient
Cardiovascular Autonomic Imbalance Revealed by Wavelet Analysis of Heart Rate Variability in Type 2
Diabetic Patients. Diabetic Medicine 2007, 24, 18-26, d0i:10.1111/j.1464-5491.2007.02019.x.

46. Stefanovska, A.; Bracic Lotric, M,; Strle, S.; Haken, H. The Cardiovascular System as Coupled Oscillators?
Physiol. Meas. 2001, 22, 535-550, doi:10.1088/0967-3334/22/3/311.

47. Georgieva-Tsaneva, G.N. INVESTIGATION OF HEART RATE VARIABILITY BY STATISTICAL
METHODS AND DETRENDED FLUCTUATION ANALYSIS. CBUP 2019, 7, doi:10.12955/cbup.v7.1446.

48. Georgieva-Tsaneva, G.; Gospodinova, E.; Cheshmedzhiev, K. Examination of Cardiac Activity with ECG
Monitoring  Using  Heart Rate  Variability = Methods.  Diagnostics 2024, 14, 926,
doi:10.3390/diagnostics14090926.

49. Gospodinov, M.; Gospodinova, E.; Georgieva-Tsaneva, G. Mathematical Methods of ECG Data Analysis.
In Healthcare Data Analytics and Management; Elsevier, 2019; pp. 177-209 ISBN 978-0-12-815368-0.

50. Gospodinova, E.; Lebamovski, P.; Georgieva-Tsaneva, G.; Negreva, M. Evaluation of the Methods for
Nonlinear Analysis of Heart Rate Variability. Fractal Fract 2023, 7, 388, doi:10.3390/fractalfract7050388.

51. Gribbin, B.; Pickering, T.G.; Sleight, P.; Peto, R. Effect of Age and High Blood Pressure on Barorefiex
Sensitivity in Man. Circulation Research 1971, 29, 424-431, d0i:10.1161/01.res.29.4.424.

52. Monahan, K.D. Effect of Aging on Baroreflex Function in Humans. American Journal of Physiology-
Regulatory, Integrative and Comparative Physiology 2007, 293, R3-R12, d0i:10.1152/ajpregu.00031.2007.

53. Couderc, J.-P. A Unique Digital Electrocardiographic Repository for the Development of Quantitative
Electrocardiography and Cardiac Safety: The Telemetric and Holter ECG Warehouse (THEW). Journal of
Electrocardiology 2010, 43, 595-600, doi:10.1016/j.jelectrocard.2010.07.015.

54. Altman, D.G,; Bland, ].M. Measurement in Medicine: The Analysis of Method Comparison Studies. The
Statistician 1983, 32, 307, d0i:10.2307/2987937.

55. Richman, ].S.; Moorman, J.R. Physiological Time-Series Analysis Using Approximate Entropy and
Sample Entropy. American Journal of Physiology-Heart and Circulatory Physiology 2000, 278, H2039-H2049,
doi:10.1152/ajpheart.2000.278.6.h2039.

56. Magris, Martin Detrended Fluctuation Analysis (DFA).

57. Estévez-Béaez, M.; Machado, C.; Montes-Brown, J.; Jas-Garcia, J.; Leisman, G.; Schiavi, A.; Machado-Garcia,
A.; Carricarte-Naranjo, C.; Carmeli, E. Very High Frequency Oscillations of Heart Rate Variability in
Healthy Humans and in Patients with Cardiovascular Autonomic Neuropathy. In Progress in Medical
Research; Pokorski, M., Ed.; Advances in Experimental Medicine and Biology; Springer International
Publishing: Cham, 2018; Vol. 1070, pp. 49-70 ISBN 978-3-319-89664-9.

58. Pinhas, I; Toledo, E.; Aravot, D.; Akselrod, S. Bicoherence Analysis of New Cardiovascular Spectral
Components Observed in Heart-Transplant Patients: Statistical Approach for Bicoherence Thresholding.
IEEE Trans. Biomed. Eng. 2004, 51, 1774-1783, doi:10.1109/TBME.2004.831519.

59. Chang, C.-C.; Hsu, H.-Y.; Hsiao, T.-C. The Interpretation of Very High Frequency Band of Instantaneous
Pulse Rate Variability during Paced Respiration. BioMed Eng OnLine 2014, 13, 46, doi:10.1186/1475-925X-
13-46.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.0641.v2
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 July 2025 d0i:10.20944/preprints202505.0641.v2

19 of 19

60. Li, X.; Xu, T.; Wang, Y.; Hu, Z; Duan, S; Peng, C.; Xu, S.; Liu, C; Li, R.; Deng, Q.; et al. Piezo2 Expressed
in Ganglionated Plexi: Potential Therapeutic Target of Atrial Fibrillation. Heart Rhythm 2025, S1547-
5271(25)02226-X, d0i:10.1016/j.hrthm.2025.03.1964.

61. Kloth, B.; Mearini, G.; Weinberger, F.; Stenzig, J.; Geertz, B.; Starbatty, J.; Lindner, D.; Schumacher, U,;
Reichenspurner, H.; Eschenhagen, T.; et al. Piezo2 Is Not an Indispensable Mechanosensor in Murine
Cardiomyocytes. Sci Rep 2022, 12, 8193, doi:10.1038/s41598-022-12085-9.

62. Herraiz-Martinez, A.; Alvarez-Garcia, J; Llach, A; Molina, C.E.; Fernandes, ].; Ferrero-Gregori, A.;
Rodriguez, C.; Vallmitjana, A.; Benitez, R.; Padrd, ].M; et al. Ageing Is Associated with Deterioration of
Calcium Homeostasis in Isolated Human Right Atrial Myocytes. Cardiovasc Res 2015, 106, 76-86,
doi:10.1093/cvr/cvv046.

63. Bernardi, L.; Keller, F.; Sanders, M.; Reddy, P.S.; Griffith, B.; Meno, F.; Pinsky, M.R. Respiratory Sinus
Arrhythmia in the Denervated Human Heart. | Appl Physiol (1985) 1989, 67, 1447-1455,
doi:10.1152/jappl.1989.67.4.1447.

64. Bernardi, L.; Salvucci, F.; Suardi, R.; Sold4, P.L.; Calciati, A.; Perlini, S.; Falcone, C.; Ricciardi, L. Evidence
for an Intrinsic Mechanism Regulating Heart Rate Variability in the Transplanted and the Intact Heart
during Submaximal Dynamic Exercise? Cardiovasc Res 1990, 24, 969-981, doi:10.1093/cvr/24.12.969.

65. Nagel, M.; Chesler, A.T. PIEZO2 Ion Channels in Proprioception. Curr Opin Neurobiol 2022, 75, 102572,
doi:10.1016/j.conb.2022.102572.

66. Zechini, L.; Camilleri-Brennan, J.; Walsh, J.; Beaven, R.; Moran, O.; Hartley, P.S.; Diaz, M.; Denholm, B.
Piezo Buffers Mechanical Stress via Modulation of Intracellular Ca2+ Handling in the Drosophila Heart.
Front Physiol 2022, 13, 1003999, doi:10.3389/fphys.2022.1003999.

67. Esler, M.D.; Thompson, ].M.; Kaye, D.M.; Turner, A.G.; Jennings, G.L.; Cox, H.S.; Lambert, G.W.; Seals,
D.R. Effects of Aging on the Responsiveness of the Human Cardiac Sympathetic Nerves to Stressors.
Circulation 1995, 91, 351-358, d0i:10.1161/01.¢ir.91.2.351.

68. Iatsenko, D.; Bernjak, A.; Stankovski, T.; Shiogai, Y.; Owen-Lynch, P.J.; Clarkson, P.B.M.; McClintock,
P.V.E,; Stefanovska, A. Evolution of Cardiorespiratory Interactions with Age. Phil. Trans. R. Soc. A. 2013,
371, 20110622, doi:10.1098/rsta.2011.0622.

69. Kaplan, W. Advanced Calculus; 4. ed., 5. reprint. with corr.; Addison-Wesley: Reading, Mass., 1994; ISBN
978-0-201-57888-1.

70. Castiglioni, P.; Lazzeroni, D.; Coruzzi, P.; Faini, A. Multifractal-Multiscale Analysis of Cardiovascular
Signals: A DFA-Based Characterization of Blood Pressure and Heart-Rate Complexity by Gender.
Complexity 2018, 2018, 4801924, doi:10.1155/2018/4801924.

71. Jose, A.D.; Collison, D. The Normal Range and Determinants of the Intrinsic Heart Rate in Man.
Cardiovascular Research 1970, 4, 160-167, d0i:10.1093/cvr/4.2.160.

72. Singh, V.; Gupta, A.; Sohal, ].S.; Singh, A. A Unified Non-Linear Approach Based on Recurrence
Quantification Analysis and Approximate Entropy: Application to the Classification of Heart Rate
Variability of Age-Stratified Subjects. Med Biol Eng Comput 2019, 57, 741-755, d0i:10.1007/s11517-018-1914-
0.

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

products referred to in the content.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.0641.v2
http://creativecommons.org/licenses/by/4.0/

