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Abstract
In the assessment of autonomic function by heart rate variability (HRV), the framework that the power of highfrequency component or its surrogate indices reflects parasympathetic activity, while the power of low-frequency
component or LF/HF reflects sympathetic activity has been used as the theoretical basis for the interpretation of HRV.
Although this classical framework has contributed greatly to the widespread use of HRV for the assessment of autonomic function, it was obtained from studies of short-term HRV (typically 5‑10 min) under tightly controlled conditions. If it is applied to long-term HRV (typically 24 h) under free-running conditions in daily life, erroneous conclusions
could be drawn. Also, long-term HRV could contain untapped useful information that is not revealed in the classical
framework. In this review, we discuss the limitations of the classical framework and present studies that extracted
autonomic function indicators and other useful biomedical information from long-term HRV using novel approaches
beyond the classical framework. Those methods include non-Gaussianity index, HRV sleep index, heart rate turbulence, and the frequency and amplitude of cyclic variation of heart rate.
Keywords: Autonomic nervous system, Baroreceptor reflex, Cyclic variation of heart rate, Heart rate turbulence, Heart
rate variability, Mortality, Pulse rate variability, Pulse wave, Photoplethysmography, Risk stratification, Sleep apnea,
Sympathetic nervous system
Introduction
Although the analysis of HRV is widely used in various
fields as a non-invasive assessment of autonomic function, it has the potential to draw inappropriate conclusions when applied beyond its limitations. This is mainly
due to the uncritical use of HRV interpretations based on
the simple framework that the power of high-frequency
(HF, 0.15‑0.4 Hz) HRV component or its surrogate
indices (rMSSD and pNN50) reflects parasympathetic
activity, while the relative power of low-frequency (LF,
0.04‑0.15 Hz) component or LF-to-HF power ratio (LF/
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HF) reflects sympathetic activity. This classical framework has been derived from studies of short-term HRV
(typically 5‑10 min) under tightly controlled conditions
of measurement environment, body position, physical activity, and respiratory state [1–3]. Consequently,
applying the framework to HRV where these conditions
are not met, especially long-term HRV (typically 24 h)
obtained under free-running conditions with wearable
sensors, may lead to erroneous conclusions, and also
prevent the proper extraction of useful information contained in the HRV. The use of the classical framework
needs to be more strictly limited, and it is an important
issue for the development of HRV researches [4].
Long-term HRV under free-running conditions is
thought to consist of at least five components of variability: first, circadian and ultradian rhythms, including
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LF and HF components; second, 1/f or fractal fluctuation generated by complex neural networks in the brain
[5, 6]; third, variability caused by various daily physical and mental activities as well as weather and indoor
environmental parameters; fourth, variability caused by
the cardiac pacemaker system itself, including heart rate
fragmentation (HRF) [7–9]; and fifth, variability in sinus
rhythm caused by spontaneous accidental events such
as extrasystoles and sleep apnea. In this review, we will
first describe the problems that could arise in applying
the classical framework to such long-term HRV and then
studies that have extracted autonomic function indicators and other useful biomedical information using novel
approaches beyond the classical framework.
Limitations of classical framework

The evidence supporting the classical framework of HRV
is as follows. The facts for the relationship between HF
power and cardiac vagal activity include that (1) transfer
function analysis of autonomic heart rate controls in an
isolated canine heart model shows that the LF component of HRV is mediated by both sympathetic and vagus
nerves, while the HF component is mediated solely by
the vagus nerves [10], (2) the HF component disappears
when the cardiac vagus nerves are blocked either physically by heart transplantation [11] or pharmacologically
by high-dose atropine [1, 12], and (3) in healthy young
subjects, there is a proportional relationship between
the HF amplitude under paced breathing and the cardiac
vagal control that is measured as the change in mean R-R
interval with pharmacological vagal blockade under complete β-adrenergic blockade [3]. The facts for the relationship between LF component and sympathetic activity
include that (1) the increase in LF power with standing
or head-up tilting, if any, is abolished by beta-blockers
[1, 13] and (2) the relative LF power and LF/HF increases
consistently with standing and head-up tilt [2].
The uncritical application of this classical framework
to long-term HRV under free-running conditions may
lead to erroneous conclusions. A clear example is the
relationship between long-term HRV and prognosis after
acute myocardial infarction (MI). Decreased long-term
HRV is a predictor of increased risk of post-MI mortality, and this association is explained by the detrimental
effects of cardiac vagal dysfunction. However, among
the spectral components of long-term HRV, including
ultra-low-frequency (ULF, < 0.00033 Hz), very low frequency (VLF, 0.0033‑0.04 Hz), and LF components, the
predictive power of decreased HF is the lowest [14]. In
addition, even though increased sympathetic activity is a
well-known risk of mortality in post-MI patients, in longterm HRV, the lower the LF/HF, the higher the risk of
mortality [15, 16]. These are mainly due to the fact that
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patients with a better prognosis in general have a higher
level of physical activity and spend more time in a standing position in daily life, which may decrease HF power
and increase LF/HF on average. If these observations
are interpreted in a classical framework, they negate
the adverse effects of autonomic dysfunction in post-MI
pathophysiology.
Even when applied to short-term HRV, the classical
framework has several important limitations. The link
between the HF component and cardiac parasympathetic
activity is due to the association between the magnitude
of respiratory sinus arrhythmia and cardiac parasympathetic activity [17, 18], which requires that the respiratory
rate is always maintained in the range of 9‑24 beats/min
(0.15‑0.4 Hz). Even within this range, the magnitude of
respiratory sinus arrhythmia is inversely proportional to
the respiratory rate, independent of cardiac parasympathetic activity [19, 20]. In addition to respiratory sinus
arrhythmias, the contaminations of transient atrial fibrillation or other non-autonomically mediated HRV, such
as HRF [7–9], may also increase the apparent HF power.
There are important limitations to the assessment of
autonomic function by HRV that should be better recognized. It should be noted, however, that these limitations
are for the evaluation of autonomic function by HRV
based on the classical framework, not for the HRV analysis itself.
Assessment of sympathetic function by HRV

Although many studies have used the relative LF power
or LF/HF as an index of sympathetic activity or sympathetic predominance in sympatho-vagal balance, the
only evidence that supports this interpretation is the
postural increase of these indices, and on the contrary,
much evidence has been accumulated to reject this
hypothesis. Studies using sympathetic indices such as
muscle sympathetic activity [21, 22] and positron emission tomographic neuroimaging [23, 24] have rejected
any relationship between LF power or LF/HF and sympathetic activity. As long as the classical framework is
used, reliable assessment of sympathetic function by
HRV should be considered impossible. So, does HRV not
contain information about sympathetic nervous activity?
Probably it does. Two examples that suggest this are the
relationship between individual differences in the postural LF response of short-term HRV and prognosis, and
the relationship between the non-Gaussian index λ of
long-term HRV and prognosis of cardiovascular diseases.
LF rise of short‑term HRV

Previous studies have reported that standing or head-up
tilt increases LF power in normal subjects under spontaneous breathing [1], but LF power under paced breathing
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increases in a part of normal subjects (about 20%) and
remains unchanged or even decreases in the rest of subjects (Fig. 1 upper panel) [25].
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In a prospective study of the prognostic value of shortterm HRV in patients with stable coronary artery disease
(CAD) [25], we analyzed postural LF response to head-up

Fig. 1 Distributions in changes in LF power with head-up tilting among 90 healthy subjects (upper panel) and among 250 patients undergoing
coronary angiography (lower panel). Vertical-dashed lines indicate the cutoff points for the trisection of the LF response into large drop (D2, n = 82),
small drop (D1, n = 83), and rise (R, n = 85) in angiographic patients. With the same cutoff, healthy subjects divided into D2 (n = 28), D1 (41), and R
(n = 21). Out of 250 patients, 25 died during 99 months of follow-up. Letters at the top of the bars in the upper panel indicate the cause of death of
individual patients: A, acute myocardial infarction (MI); F, fatal stroke; N, noncardiac causes; S, sudden cardiac death. Modified Fig. 2 of reference [25]
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tilting under paced breathing in 250 patients who underwent elective coronary angiography. A postural increase
in LF power (LF rise) was observed in 85 (34%) patients
(group R), while a small drop was observed in 83 (33%)
patients (group D1) and a large drop in 82 (33%) patients
(group D2). During a subsequent follow-up period of 99
months, there were 13 cardiac deaths and 12 noncardiac deaths (Fig. 1 lower panel). The three groups did
not differ in terms of clinical features or CAD severity at
baseline or coronary interventions during the follow-up
period; however, cardiac mortality rates during the 99
months were 12%, 6%, and 0% in groups R, D1, and D2,
respectively. The difference was enhanced when analyzed
excluding 64 patients treated with β-blockers during the
follow-up period (15%, 7%, and 0%, respectively). These
observations indicate that the LF rise is a predictor of
cardiac mortality risk in patients with stable CAD.
Together with previous observations that β-adrenergic
blockade suppresses LF rise [1, 13], LF rise is a marker
of posture-induced sympathetic overactivation, which
may lead to poor prognosis in patients with stable CAD.
However, the LF component in upright posture is mediated by both sympathetic and parasympathetic nerves
[1]. Thus, LF rise could be due partly to a decrease in posture-induced decline in parasympathetic activity, which
in turn could be due to a decrease in parasympathetic
response reserve in the supine position. For either case,
LF rise reflects greater dependence on sympathetic activation than on vagal withdrawal in the autonomic neural
regulation of the postural heart rate response.
Non‑Gaussianity of long‑term HRV

Non-Gaussianity index (λ) is an index of long-term
HRV developed by Kiyono et al. [26–28]. It characterizes increased probability of the large abrupt heart rate
deviations from its trend (Fig. 2). To calculate the λ, in
the detrended instantaneous heart rate time series, the
increments of heart rate (the difference between two
heart rates apart 25 s [in case of λ25s]; when the heart rate
decreases, the increment is negative) are measured at all
time points. Then, the relationship between the magnitude of the heart rate increment and its probability of
occurrence is expressed as a probability density function
(PDF). The PDF of the heart rate increment is known to
show a non-Gaussian distribution, and λ represents the
degree of deviation from the Gaussian distribution. The
λ is larger for PDFs with a more peaked center and fatter tails. The fatter tails of the PDF indicate that the more
frequent large abrupt changes in heart rate occur, compared to smaller changes.
Studies of long-term HRV have reported an association between increased non-Gaussianity of HRV and
increased risk of mortality in patients with congestive
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heart failure (CHF) [29] and in patients after MI [30]
particularly those with preserved left ventricular ejection fraction [31]. In these and other studies, λ showed
unique properties that differentiate it from other
HRV indices [32]. First, for the major time-domain
HRV indices (SDNN, rMSSD, HRV triangular index
[33], deceleration capacity [34], etc.) and frequencydomain HRV indices (ULF, VLF, LF, LF/HF, etc.), their
decreases predict mortality risk, whereas for λ, its
increase predicts mortality risk [29, 30]. Second, in
a big data analysis (n = 265,291) for the redundancy
among long-term HRV indices, traditional long-term
HRV indices (SDNN, VLF, deceleration capacity, and
scaling exponent α1 [6, 16]) showed high similarity
(assessed by mutual explained variance) and formed
a single cluster, whereas λ25s had the lowest similarity
with other HRV indices and was located far from the
clusters of other indices [32]. These traditional HRV
indices primarily reflect vagal function [33–35]. Third,
although the predictive power of traditional HRV indices for mortality risk in patients with CHF is low to
moderate at best [36–39], λ detects fundamental characteristics of HRV in CHF and its increase significantly
and independently reflect the increased risk for death
in these patients [29]. Fourth, although decreases in
conventional long-term HRV indices [16, 34, 40] and
other indices of parasympathetic dysfunctions [15, 41]
predict increased risk of both cardiac and non-cardiac
deaths in post-MI patients, increased λ25s predicts
exclusively cardiac death but not non-cardiac death
[30]. Finally, λ25s is lower in post-MI patients taking
β-blockers compared with those not taking β-blockers
[30]. In CHF, a state of sympathetic cardiac overdrive,
there is an increase in λ25s along with a decrease in the
HRV index reflecting vagal dysfunction, whereas in
multiple system atrophy, a neurodegenerative disorder
associated with preganglionic sympathetic failure [42]
and Parkinson’s disease, which is often accompanied by
postganglionic sympathetic failure [43, 44], there is a
decrease in the HRV index reflecting vagal dysfunction,
but no increase in λ25s [28]. These facts indicate that
an increase in non-Gaussianity index λ25s of long-term
HRV may be a marker of sympathetic cardiac overdrive.
Analysis of HRV associated with physiological events

During long-term monitoring, both physiological and
pathophysiological events may occur incidentally and
leave a footprint on HRV. HRV indices derived from the
classical framework may also be affected by such events,
but the changes are often non-specific and not useful for
their accurate detection. Several methods of HRV analysis are known to detect such specific events.
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Fig. 2 Analysis of non-Gaussian heart rate fluctuations in two representative post-MI patients: survivor (A) and cardiac death (B). From the top,
trend graphs of normal-to-normal R-R interval b(t), standardized time series of heart rate increments Δ25sB(t), and standardized probability density
functions (PDFs) of heart rate increments P(Δ25sB(t)) with non-Gaussianity index of λ25s. In the middle- and bottom-row panels, gray-shaded areas
cover ± 3 SD ranges. In the bottom-row panels, solid lines indicate the PDF approximated for the corresponding λ25s values by a non-Gaussian
model [27]. Compared to the survivor, bursty changes with amplitudes exceeding ±3 SD (gray-shaded areas in the middle-row panels) increase in
the cardiac death patient, resulting in a sharper peak with fatter tails in the PDF (bottom-row panels) and a larger value of λ25s, which reflects the
degree of deviation from the Gaussian distribution (dashed lines in the bottom-row panels). Modified Fig. 1 of reference [30]

Estimation of sleep stage by HRV

The quality and quantity of sleep is an important factor in healthcare, but its evaluation often relies on subjective self-assessment. It is desirable to have objective
indices to estimate accurate durations of sleep and preferably of sleep stages in daily life. In this regard, several
researchers have attempted to detect sleep and determine sleep stages by analyzing long-term HRV [45–50].
Since it is generally believed that the transition from
wakefulness to sleep, especially to non-REM (NREM)
sleep, is accompanied by sympathetic inhibition and
parasympathetic activation, models using autonomic
indices of HRV based on the classical framework have
been proposed. However, the univariate predictive

power of these indices is not sufficient and there is no
physiological basis to explain why they distinguish light
sleep from awake rest.
To resolve this problem, we developed an HRV sleep
index (Hsi) that detects NREM sleep based on the
physiological features of cardiorespiratory regulations
[51]. It is well known that during NREM sleep, breathing becomes more regular as it switches to an involuntary mode. Because respiration modulates heart rate
and generates HF component at respiratory frequency,
the power of the HF component concentrates on a narrower frequency band as the regularity of the respiratory cycle increases. Hsi is calculated for short-segment
(~5 min) of R-R intervals (Fig. 3). First, in the power
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Fig. 3 Detection of sleep onset by HRV during polysomnography in a healthy male subject. From top: hypnogram, body motion (BM) by
actigraphy, R-R interval (RRI), power spectral density (PSD), and relative power of HF to the integrated width (ω) of the frequency band around the
HF peak. When the sleep stage changes from wakefulness (W) to NREM (N1, N2, N3), the large BM disappears, a sharp peak appears in the HF band
(0.15‑0.4 Hz) of the RRI power spectrum, and the Hsi (area under the curve) increases to more than 70%. Modified Fig. 2 of reference [51]

spectrum of HRV, the highest peak of HF component is
detected. Second, the relative power within a frequency
range of ω around the peak is calculated. Then, Hsi is
calculated as the area under the curve (AUC) of the relative power as the function of ω.
Hsi is low during wake and REM sleep and it
increases during NREM sleep (Figs. 3 and 4). In a
study of 141 subjects, we analyzed 11,636 consecutive 5-min ECG segments of polysomnographic data.
Hsi was greater during NREM (mean [SD], 75.1 [8.3]
%) than wake (61.0 [10.3] %) and REM (62.0 [8.4] %)
stages. Hsi discriminated NREM sleep from wake and
REM sleep with an AUC of 0.86 by receiver-operating
characteristic curve analysis, which was greater than
those of heart rate (0.64), peak HF power (0.75), LF/
HF (0.77), scaling exponent α (0.77), and actigraphic
body movement (0.76). With a cutoff > 70%, Hsi

detected NREM segments with 77% sensitivity and
80% specificity.
Hsi has strengths not found in other HRV indices.
Hsi quantifies the spectral shape of the HF component,
independent of its power. This may be an advantage
over other HRV indices that are dependent on age [52],
respiratory rate [19], and health conditions affecting
autonomic function [33]. The autonomic indices of
HRV are based on an indirect or relative relationship.
Although autonomic function and heart rate dynamics are known to change with sleep stage [45, 46], the
change in these indices from wakefulness to sleep is
continuous, not discrete, and there is no convincing
physiological evidence to support the ability to distinguish light sleep from awake rest. In contrast, Hsi
was developed based on solid physiological evidence of
increased respiratory regularity during NREM sleep.
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Fig. 4 All-night hypnogram and Hsi in a healthy female subject (age, 28 years). While Hsi is below 70% during wake (W) and REM sleep (marked
with black in hypnogram), it exceeds 70% in synchrony with the appearance of NREM sleep (N1, N2, and N3)

Screening of sleep apnea by HRV

Obstructive sleep apnea (SA) is a common pathophysiologic event during sleep, which affects 26% of adults, with
10% estimated to have moderate-to-severe disease [53].
Obstructive SA, however, is associated with increased
risk of systemic hypertension [54, 55], atrial fibrillation
and its recurrence [56–58], stroke [59, 60], sudden cardiac death during sleep [61, 62], cognitive impairment
and diminished quality of life [63], and motor vehicle
crashes [64]. Despite this fact, the majority of patients
remain undiagnosed and miss out on treatment opportunities. Polysomnography is required for definitive diagnosis of SA, but due to its cost and limited resources, there
is a need for a simple, reliable, and effective way to screen
high-risk individuals who need a definitive diagnosis.
The episodes of SA cause a characteristic pattern of
HRV known as cyclic variation of heart rate (CVHR)
[65]. Since CVHR appears as bradycardia during apnea
and transient tachycardia during apnea cessation for individual apneic episodes, the hourly frequency of CVHR
(Fcv) can be used as an estimate of the apnea-hypopnea
index (AHI), which is the hourly frequency of sleep
apnea and hypopnea and is an indicator of the severity
of SA (Fig. 5) [66–72]. To detect CVHR in long-term

HRV during sleep, we developed an automated algorism
named Auto-Correlated Wave Detection with Adaptive
Threshold (ACAT) [67]. In a study of 864 patients who
underwent a polysomnographic study for suspected
SA, the Fcv during sleep was correlated with the AHI
obtained from the simultaneous polysomnography with
r = 0.84 (Fig. 6). When Fcv > 15/h was used as the cutoff, patients with AHI > 15 were detected with a sensitivity of 83% and specificity of 88%. Detection of CVHR
by ambulatory 24-h ECG (Holter monitoring) is already
used clinically as a screening method for SA [73, 74]. It
can also be applied to longer ECG monitoring (7 days)
to reveal night-to-night variability in SA severity that
is difficult to detect with other methods [75]. Furthermore, this method can be applied to pulse interval data
obtained with wearable watch-shape pulse wave sensors
[76], as described below.
Evaluations of autonomic reflex functions by HRV

In order to assess autonomic reflex function, the response
of peripheral organs to physiological provocation must be
analyzed. In the case of baroreceptor reflex function, provocation methods such as the Valsalva maneuver, pharmacologically induced blood pressure changes, and neck suction
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Fig. 5 Cyclic variation of heart rate (CVHR) detected by the autocorrelated wave detection with adaptive threshold (ACAT) algorithm during a
polysomnographic examination in a representative subject with obstructive sleep apnea (OSA). Panel B is a closer view of the data in the open box
in panel A. Vertical bars in panel A and arrows in panel B indicate the temporal positions of detected CVHR. The ACAT algorithm detected the nadirs
of cyclic dips in interbeat intervals that accompany apnea–hypopnea events. RRI, R–R interval of ECG; S pO2, pulse oximetric arterial blood oxygen
saturation; Resp, respiration by oronasal airflow. Modified Fig. 1 of reference [68]

and compression are used [77]. During long-term monitoring in daily life, the spontaneous physiological events and
accidental pathophysiological events may occur, which can
be used as provocations to assess autonomic reflex function. Examples of such events are ventricular premature
contractions (VPCs) and SA episodes, which cause specific
patterns of HRV named heart rate turbulence (HRT) and
CHVR, respectively, as the autonomic responses.
Heart rate turbulence (HRT)

HRT refers to the phenomenon that R-R intervals show
short-term fluctuations after isolated VPCs [41, 78]. In

normal subjects, HRT consists of an initial brief shortening (turbulence onset, TO) followed by a gradual
elongation (turbulence slope, TS) before it returns the
pre-VPC baseline [79]. The physiological mechanism of
the initial shortening is a transient vagal inhibition in
response to the missed baroreflex afferent input caused
by hemodynamically inefficient ventricular contraction
and that of the subsequent gradual elongation is a reflex
vagal activation caused by a sympathetically mediated
overshoot of arterial pressure. Therefore, the HRT pattern is blunted in patients with reduced baroreflex, and
HRT measurement provides an indirect assessment of
baroreflex.
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Fig. 6 Estimation of apnea-hypopnea index (AHI) of polysomnography by the frequency of CVHR (Fcv) obtained from ECG R-R interval in 862
consecutive subjects with suspected sleep-disordered breathing. Modified Fig. 4 of reference [67]

HRT is measured by averaging R-R interval segments
(from 2 intervals before to 15 intervals after) of >5 isolated VPCs. The VPCs adequate to HRT measurement
are limited to noninterpolated VPCs with prematurity of
> 20% and compensatory pause of > 120%, bounded by 17
preceding and 15 subsequent continuous sinus rhythm
cycles. TO is quantified as the percentage of R-R interval
decrement, i.e., the average of two R-R intervals immediately following the compensatory pause minus the
average of two R-R intervals immediately preceding the
VPC coupling interval. TS is measured as the maximum
positive regression slope assessed over any 5 consecutive sinus rhythm R-R intervals within the first 15 sinus
rhythm R-R intervals after the VPC. Both TO and TS are
used as indices of vagal baroreflex function. In clinical
studies, TO < 0% and TS > 2.5 ms/R-R interval are considered normal.
Several prospective studies confirmed that abnormal
HRT is a powerful predictor of post-MI mortality [41,
78], but this method is applicable only to ECG recordings under sinus rhythm including > 5 adequate isolated
VPCs. In the Allostatic State Mapping by Ambulatory
ECG Repository (ALLSTAR) [80–82], big data of HRV
in patients undergone Holter 24-h ECG monitoring in
Japan, isolated VPCs meeting with the requirements for

HRT were found only in 158,933 (39.8%) out of 399,458
recordings in adult patients aged > 20 years.
Amplitude of CVHR (Acv)

As mentioned earlier, the frequency of CVHR (Fcv)
reflects the frequency of SA episodes [67], but CVHR
itself is a heart rate response provoked by spontaneous
apneic/hypoxic load caused by SA. CVHR consists of
bradycardia during apnea and abrupt, transient tachycardia during the cessation of apnea [66]. The mechanism
of the bradycardia during apnea is thought to include
an increase in cardiac vagal activity resulting from the
combined effect of cessation of breathing and hypoxemia
[83], and that of the tachycardia during apnea cessation is
thought to include sympathetic activation by hypoxia and
cardiac vagal suppression associated with arousal, baroreceptor unloading, and respiratory recovery. In a study
of 400 patients with SA, Guilleminault et al. [66] observed
the absence of CVHR in a subgroup of SA patients with
impaired cardiac autonomic function (heart transplants,
autonomic neuropathy, and Shy-Drager syndrome).
They also observed that in SA patients with normal cardiac autonomic function, intravenous atropine blocked
CVHR by eliminating the bradycardia component. These
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Fig. 7 CVHR associated with sleep apnea episodes in a representative patient with normal vagal reflex function (A) and a patient with moderately
impaired vagal reflex function (B). The blue bars indicate the temporal location of the dip in the R-R interval caused by CVHR. Airflow detected by
mouth-nose thermistor shows intermittent apnea or hypopnea in both patients, but the response of the R-R interval, or CVHR, is blunted in patient
B compared to patient A. This is reflected in the difference in the amplitude of the CVHR (Acv), 3.4 vs. 5.3 ln (ms)

indicate that the blunted CVHR can be used as an index
of impaired cardiac vagal reflex function (Fig. 7).
We studied the predictive value of blunted CVHR
observed in ambulatory ECG in 717 post-MI patients
(mortality, 6% during median follow-up for 25 months),
220 post-MI patients (25.5% mortality during 45
months), 299 patients with end-stage renal disease
(ESRD) on chronic hemodialysis (28.1% mortality during
85 months), and 100 patients with chronic heart failure

(CHF; 35% mortality during 38 months) [73]. CVHR was
detected by the ACAT algorithm from night-time ECG
and Fcv was measured as hourly frequency of CVHR during estimated sleep period. The magnitude of CVHR was
measured as the mean log amplitude (Acv) of CVHR only
if at least four CVHRs were observed per night, which
was met by > 96% of patients in all cohorts. Although
Fcv did not predict mortality in any cohort, decreased
Acv was a powerful predictor of mortality in all cohort
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Fig. 8 Mortality probabilities in four cohorts of patients stratified by the same cut-off values of the amplitude of CVHR (Acv; 4.0 and 3.0). CHF,
congestive heart failure; ESRD, end-stage renal failure; MI, myocardial infarction. Modified Fig. 3 in reference [73]

(Fig. 8). The prognostic value of Acv was independent
of age, gender, diabetes, beta-blocker therapy, left ventricular ejection fraction, sleep-time mean R-R interval,
and Fcv. Along with earlier studies [66, 83], this indicates
that Acv obtained from nocturnal ECG is an indicator of
cardiac vagal reflex function, and its decline is an independent predictor of increased mortality risk, common
in post-MI, ESRD, and CHF patients.
Although the measurement of Acv requires the presence of CVHR, it can be obtained even in individuals

without clinically significant frequency of CVHR (Fcv ≥
5/h). In the above study [73], the Acv calculated when ≥
4 CVHRs were observed per night had predictive power.
The value of Acv, however, shows a large variation when
Fcv is very low, thereby reducing the prognostic ability.
This problem can be improved by adjusting the cutoff
value of Acv according to the value of Fcv [82]. The high
applicability ratio of Acv is the advantage of Acv compared to HRT, which can only be applied to Holter ECG
recordings (< 40%) that contain adequate VPCs.

(See figure on next page.)
Fig. 9 Trend grams (a‑d) and power spectra (e‑h) of R-R interval (RRI), pulse transit time (PTT), pulse interval (PI), and respiration (Resp) obtained by
simultaneous recordings of ECG, finger-tip photoplethysmography (PPG), and nose-tip thermistor respiration in a patient with an implanted cardiac
pacemaker with a fixed pacing rate (70 bpm). PTT was measured as time from ECG R wave to PPG presystolic foot point of each beat and PI as the
interval between the foot points of consecutive pulse waves. PSD, power spectral density. Modified Fig. 1 in reference [84]
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Is pulse rate variability a surrogate of HRV?

In recent years, the widespread use of wearable watches
equipped with photo-plethysmograph (PPG) sensors
has facilitated the measurement of pulse wave signals in
daily life, and as a result, many studies have been published that attempt to use pulse rate variability (PRV) as a
substitute for HRV. However, there are serious pitfalls in
applying the classical LF-HF framework to PRVs in daily
activities. It is not only a problem of applying the classical
framework obtained under controlled conditions to data
under free-running condition, but also a problem caused
by the essential difference between PRV and HRV.
PRV should be recognized as a different biomarker than
HRV. HRV is one of the sources of PRV, but HRV is not
the only source of PRV. The process from ECG R wave to
PPG pulse wave involves several transformation steps of
physical properties, such as those of electromechanical
coupling and conversions from force to volume, volume
to pressure, pressure impulse to wave, pressure wave to
volume, and volume to light intensity, and many sources
of fluctuation can modulate each of these processes [84].
In fact, there is evidence that shows discrepancy between
PRV and HRV, such as that demonstrating the presence
of PRV in the absence of HRV [85], differences in PRV
with measurement sites [86, 87], and differing effects of
body posture and exercise between them [88]. Figure 9
shows our recent observation in an adult patient with an
implanted cardiac pacemaker, indicating that fluctuations
in R-R intervals, pulse transit time, and pulse intervals are
modulated differently by autonomic functions, respiration,
and other factors [84].
The HF of PRV is not the same as the HF of HRV, nor
is LF or LF/HF. PRV may contain useful biomedical information, but finding it requires an approach beyond the
classical framework. For example, nocturnal PRV can be
used to screen for SA by detecting cyclic variation of pulse
rate (CVPR) [76]. In 41 patients who underwent diagnostic polysomnography (PSG) for SA, PPG was recorded
simultaneously with a wearable watch device. The median
(IQR) AHI of patients was 17.2 (4.4‑28.4), and 22 (54%)
patients had moderate-to-severe SA (AHI ≥ 15). SA episodes were accompanied by CVPR, a characteristic pattern
of PRV similar to the CVHR of HRV. The hourly frequency
of CVPR detected by the ACAT algorithm correlated with
AHI (r = 0.81), but none of the time-domain, frequencydomain, or non-linear indices of PRV showed a significant
correlation. The CVPR frequency (> 11/h) was able to discriminate patients with moderate-to-severe SA (AHI > 15)
with 82% sensitivity, 89% specificity, and 85% accuracy.
The classification performance was comparable to that
obtained when the ACAT algorithm was applied to HRV
during the PSG.
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Conclusions
HRV analysis using the LF-HF framework has contributed
significantly to the widespread use of HRV to assess autonomic function, but this classical framework should only
be used for HRV under tightly controlled conditions.
This framework is inappropriate for the interpretation of
HRV and PRV measured under free-running conditions,
such as those obtained with wearable sensors, and does
not adequately capture the useful information contained
therein. In order to use HRV and PRV for the assessment
of autonomic function in daily life and to extract other useful biomedical information from them, it is necessary to
research and develop new means of capturing them that
go beyond the classical framework. In this review, several studies were presented as examples suggesting such
approach.
Acknowledgements
None.
Authors’ contributions
E. Yuda conceived the framework of the review and J. Hayano drafted the
manuscript. The authors read and approved the final manuscript.
Funding
There is no funding source for this paper.
Availability of data and materials
Not applicable

Declarations
Ethics approval and consent to participate
Not applicable
Consent for publication
Not applicable
Competing interests
The authors declare that they have no competing interests.
Author details
1
Heart Beat Science Lab, Co., Ltd., Aoba 6‑6‑40 Aramaki Aoba‑ku, Sendai 980‑0845, Japan. 2 Nagoya City University, Kawasumi 1, Mizuho‑cho
Mizuho‑ku, Nagoya 467‑8602, Japan. 3 Center for Data‑Driven Science and Artificial Intelligence, Tohoku University, 41 Kawauchi, Aoba‑ku, Sendai 980‑8576,
Japan.
Received: 2 November 2021 Accepted: 12 November 2021

References
1. Pomeranz B, Macaulay RJ, Caudill MA, Kutz I, Adam D, Gordon D, et al.
Assessment of autonomic function in humans by heart rate spectral analysis. Am J Physiol. 1985;248(1 Pt 2):H151–3.
2. Pagani M, Lombardi F, Guzzetti S, Rimoldi O, Furlan R, Pizzinelli P, et al. Power
spectral analysis of heart rate and arterial pressure variabilities as a marker
of sympatho-vagal interaction in man and conscious dog. Circulation
Research. 1986;59(2):178–93.
3. Hayano J, Sakakibara Y, Yamada A, Yamada M, Mukai S, Fujinami T, et al.
Accuracy of assessment of cardiac vagal tone by heart rate variability in
normal subjects. Am J Cardiol. 1991;67(2):199–204.

Hayano and Yuda Journal of Physiological Anthropology

4.
5.
6.
7.
8.

9.
10.
11.
12.
13.

14.
15.

16.

17.
18.
19.
20.
21.

22.

23.

24.
25.

(2021) 40:21

Hayano J, Yuda E. Pitfalls of assessment of autonomic function by heart rate
variability. J Physiol Anthropol. 2019;38(1):3.
Saul JP, Albrecht P, Berger RD, Cohen RJ. Analysis of long term heart
rate variability: methods, 1/f scaling and implications. Comput Cardiol.
1988;14:419–22.
Iyengar N, Peng CK, Morin R, Goldberger AL, Lipsitz LA. Age-related
alterations in the fractal scaling of cardiac interbeat interval dynamics.
Am J Physiol. 1996;271:R1078–R84.
Costa MD, Davis RB, Goldberger AL. Heart rate fragmentation: a new
approach to the analysis of cardiac interbeat interval dynamics. Front
Physiol. 2017;8:255.
Costa MD, Redline S, Davis RB, Heckbert SR, Soliman EZ, Goldberger AL.
Heart rate fragmentation as a novel biomarker of adverse cardiovascular events: the multi-ethnic study of atherosclerosis. Front Physiol.
2018;9:1117.
Hayano J, Kisohara M, Ueda N, Yuda E. Impact of heart rate fragmentation
on the assessment of heart rate variability. Appl Sci. 2020;10(9):3314.
Berger RD, Saul JP, Cohen RJ. Transfer function analysis of autonomic
regulation. I. Canine atrial rate response. Am J Physiol. 1989 Jan;256(1 Pt
2):H142–52.
Sands KEF, Appel ML, Lilly LS, Schoen FJ, Mudge GH Jr, Cohen RJ. Power
spectrum analysis of heart rate variability in human cardiac transplant
recipients. Circulation. 1989;79:76–82.
Fouad FM, Tarazi RC, Ferrario CM, Fighaly S, Alicandri C. Assessment of
parasympathetic control of heart rate by a noninvasive method. Am J
Physiol. 1984 Jun;246(6 Pt 2):H838–42.
Pagani M, Lombardi F, Guzzetti S, Rimoldi O, Furlan R, Pizzinelli P, et al.
Power spectral analysis of heart rate and arterial pressure variabilities as
a marker of sympatho-vagal interaction in man and conscious dog. Circ
Res. 1986;59(2):178–93.
Bigger JT Jr, Fleiss JL, Steinman RC, Rolnitzky LM, Kleiger RE, Rottman JN.
Frequency domain measures of heart period variability and mortality
after myocardial infarction. Circulation. 1992;85:164–71.
La Rovere MT, Bigger JT Jr, Marcus FI, Mortara A, Schwartz PJ. Baroreflex
sensitivity and heart-rate variability in prediction of total cardiac mortality
after myocardial infarction. ATRAMI (Autonomic Tone and Reflexes After
Myocardial Infarction) Investigators. Lancet. 1998;351(9101):478–84.
Huikuri HV, Makikallio TH, Peng CK, Goldberger AL, Hintze U, Moller M.
Fractal correlation properties of R-R interval dynamics and mortality in
patients with depressed left ventricular function after an acute myocardial infarction. Circulation. 2000;101(1):47-53.
Hayano J, Yasuma F, Okada A, Mukai S, Fujinami T. Respiratory sinus
arrhythmia. A phenomenon improving pulmonary gas exchange and
circulatory efficiency. Circulation. 1996;94(4):842–7.
Hayano J, Yasuma F. Hypothesis: respiratory sinus arrhythmia is an
intrinsic resting function of cardiopulmonary system. Cardiovasc Res.
2003;58(1):1–9.
Hayano J, Mukai S, Sakakibara M, Okada A, Takata K, Fujinami T. Effects
of respiratory interval on vagal modulation of heart rate. Am J Physiol.
1994;267(1 Pt 2):H33–40.
Eckberg DL. The human respiratory gate. J Physiol. 2003;548(Pt 2):339–52.
Notarius CF, Butler GC, Ando S, Pollard MJ, Senn BL, Floras JS. Dissociation between microneurographic and heart rate variability estimates of
sympathetic tone in normal subjects and patients with heart failure. Clin
Sci (Lond). 1999;96(6):557–65.
Floras JS, Butler GC, Ando SI, Brooks SC, Pollard MJ, Picton P. Differential
sympathetic nerve and heart rate spectral effects of nonhypotensive
lower body negative pressure. Am J Physiol Regul Integr Comp Physiol.
2001;281(2):R468–75.
Moak JP, Goldstein DS, Eldadah BA, Saleem A, Holmes C, Pechnik S,
et al. Supine low-frequency power of heart rate variability reflects
baroreflex function, not cardiac sympathetic innervation. Heart Rhythm.
2007;4(12):1523–9.
Rahman F, Pechnik S, Gross D, Sewell L, Goldstein DS. Low frequency
power of heart rate variability reflects baroreflex function, not cardiac
sympathetic innervation. Clin Auton Res. 2011;21(3):133–41.
Hayano J, Mukai S, Fukuta H, Sakata S, Ohte N, Kimura G. Postural
response of low-frequency component of heart rate variability is an
increased risk for mortality in patients with coronary artery disease. Chest.
2001;120:1942–52.

Page 14 of 15

26. Kiyono K, Struzik ZR, Aoyagi N, Yamamoto Y. Multiscale probability density
function analysis: non-Gaussian and scale-invariant fluctuations of
healthy human heart rate. IEEE Trans Biomed Eng. 2006;53(1):95–102.
27. Kiyono K, Struzik ZR, Yamamoto Y. Estimator of a non-Gaussian parameter
in multiplicative log-normal models. Phys Rev E. 2007;76(4 Pt 1):041113.
28. Kiyono K, Hayano J, Kwak S, Watanabe E, Yamamoto Y. Non-Gaussianity
of low frequency heart rate variability and sympathetic activation: lack of
increases in multiple system atrophy and Parkinson disease. Front Physiol.
2012;3:34.
29. Kiyono K, Hayano J, Watanabe E, Struzik ZR, Yamamoto Y. Non-Gaussian
heart rate as an independent predictor of mortality in patients with
chronic heart failure. Heart Rhythm. 2008;5(2):261–8.
30. Hayano J, Kiyono K, Struzik ZR, Yamamoto Y, Watanabe E, Stein PK, et al.
Increased non-Gaussianity of heart rate variability predicts cardiac mortality after an acute myocardial infarction. Front Physiol. 2011;2:65.
31. Hayano J, Ueda N, Kisohara M, Yuda E, Carney RM, Blumenthal JA.
Survival predictors of heart rate variability after myocardial infarction
with and without low left ventricular ejection fraction. Front Neurosci.
2021;15:610955.
32. Yuda E, Ueda N, Kisohara M, Hayano J. Redundancy among risk predictors derived from heart rate variability and dynamics: ALLSTAR big data
analysis. Ann Noninvasive Electrocardiol. 2020;e12790.
33. Camm AJ, Malik M, Bigger JT Jr, Breithardt G, Cerutti S, Cohen RJ, et al. Task
Force of the European Society of Cardiology and the North American
Society of Pacing and Electrophysiology. Heart rate variability: standards
of measurement, physiological interpretation and clinical use. Circulation.
1996;93(5):1043–65.
34. Bauer A, Kantelhardt JW, Barthel P, Schneider R, Makikallio T, Ulm K, et al.
Deceleration capacity of heart rate as a predictor of mortality after myocardial infarction: cohort study. Lancet. 2006;367(9523):1674–81.
35. Huikuri HV, Perkiomaki JS, Maestri R, Pinna GD. Clinical impact of evaluation of cardiovascular control by novel methods of heart rate dynamics. Philosophical Transactions Series A Mathematical Physical Eng Sci.
2009;367(1892):1223–38.
36. Ponikowski P, Anker SD, Chua TP, Szelemej R, Piepoli M, Adamopoulos
S, et al. Depressed heart rate variability as an independent predictor of
death in chronic congestive heart failure secondary to ischemic or idiopathic dilated cardiomyopathy. Am J Cardiol. 1997;79(12):1645–50.
37. Ho KK, Moody GB, Peng CK, Mietus JE, Larson MG, Levy D, et al. Predicting
survival in heart failure case and control subjects by use of fully automated methods for deriving nonlinear and conventional indices of heart
rate dynamics. Circulation. 1997;96(3):842–8.
38. Nolan J, Batin PD, Andrews R, Lindsay SJ, Brooksby P, Mullen M, et al.
Prospective study of heart rate variability and mortality in chronic heart
failure: results of the United Kingdom heart failure evaluation and assessment of risk trial (UK-heart). Circulation. 1998;98(15):1510–6.
39. Brouwer J, van Veldhuisen DJ, Man In’t Veld AJ, Haaksma J, Dijk WA, Visser
KR, Boomsma F, Dunselman PH. Prognostic value of heart rate variability
during long-term follow-up in patients with mild to moderate heart
failure. The Dutch Ibopamine Multicenter Trial Study Group. J Am Coll
Cardiol. 1996;28(5):1183-1189.
40. Kleiger RE, Miller JP, Bigger JT Jr, Moss AJ. Decreased heart rate variability
and its association with increased mortality after acute myocardial infarction. Am J Cardiol. 1987;59(4):256–62.
41. Schmidt G, Malik M, Barthel P, Schneider R, Ulm K, Rolnitzky L, et al. Heartrate turbulence after ventricular premature beats as a predictor of mortality after acute myocardial infarction. Lancet. 1999;353(9162):1390–6.
42. Sone M, Yoshida M, Hashizume Y, Hishikawa N, Sobue G. alpha-Synuclein-immunoreactive structure formation is enhanced in sympathetic
ganglia of patients with multiple system atrophy. Acta Neuropathol.
2005;110(1):19–26.
43. Braune S, Reinhardt M, Bathmann J, Krause T, Lehmann M, Lücking
CH. Impaired cardiac uptake of meta-[123I]iodobenzylguanidine
in Parkinson’s disease with autonomic failure. Acta Neurol Scand.
1998;97(5):307–14.
44. Braune S, Reinhardt M, Schnitzer R, Riedel A, Lücking CH. Cardiac uptake
of [123I]MIBG separates Parkinson’s disease from multiple system atrophy.
Neurology. 1999;53(5):1020–5.
45. Elsenbruch S, Harnish MJ, Orr WC. Heart rate variability during waking
and sleep in healthy males and females. Sleep. 1999;22(8):1067–71.

Hayano and Yuda Journal of Physiological Anthropology

(2021) 40:21

46. Kantelhardt JW, Ashkenazy Y, Ivanov P, Bunde A, Havlin S, Penzel T, et al.
Characterization of sleep stages by correlations in the magnitude and
sign of heartbeat increments. Phys Rev E Stat Nonlin Soft Matter Phys.
2002;65(5 Pt 1):051908.
47. Penzel T, Kantelhardt JW, Grote L, Peter JH, Bunde A. Comparison
of detrended fluctuation analysis and spectral analysis for heart
rate variability in sleep and sleep apnea. IEEE Trans Biomed Eng.
2003;50(10):1143-1151.
48. Adane M, Jiang Z, Yan Z. Sleep–wake stages classification and sleep efficiency estimation using single-lead electrocardiogram. Expert Systems
with Applications. 2012;39(1).
49. Fonseca P, Long X, Radha M, Haakma R, Aarts RM, Rolink J. Sleep
stage classification with ECG and respiratory effort. Physiol Meas.
2015;36(10):2027-2040.
50. Singh J, Sharma RK, Gupta AK. A method of REM-NREM sleep distinction
using ECG signal for unobtrusive personal monitoring. Comput Biol Med.
2016;01(78):138–43.
51. Hayano J, Ueda N, Kisohara M, Yoshida Y, Tanaka H, Yuda E. Non-REM sleep
marker for wearable monitoring: power concentration of respiratory
heart rate fluctuation. Appl Sci. 2020;10(9):3336.
52. Shannon DC, Carley DW, Benson H. Aging of modulation of heart rate.
Am J Physiol. 1987;253(4 Pt 2):H874–7.
53. Peppard PE, Young T, Barnet JH, Palta M, Hagen EW, Hla KM. Increased
prevalence of sleep-disordered breathing in adults. Am J Epidemiol.
2013;177(9):1006–14.
54. Logan AG, Perlikowski SM, Mente A, Tisler A, Tkacova R, Niroumand M,
Leung RS, Bradley TD. High prevalence of unrecognized sleep apnoea in
drug-resistant hypertension. J Hypertens. 2001;19(12):2271-2277.
55. Marin JM, Agusti A, Villar I, Forner M, Nieto D, Carrizo SJ, et al. Association between treated and untreated obstructive sleep apnea and risk of
hypertension. JAMA. 2012;307(20):2169–76.
56. Gami AS, Pressman G, Caples SM, Kanagala R, Gard JJ, Davison DE, et al.
Association of atrial fibrillation and obstructive sleep apnea. Circulation.
2004;110(4):364–7.
57. Tung P, Anter E. Atrial fibrillation and sleep apnea: considerations for a
dual epidemic. J Atr Fibrillation. 2016;8(6):1283.
58. Neilan TG, Farhad H, Dodson JA, Shah RV, Abbasi SA, Bakker JP, et al.
Effect of sleep apnea and continuous positive airway pressure on
cardiac structure and recurrence of atrial fibrillation. J Am Heart Assoc.
2013;2(6):e000421.
59. Yaggi HK, Concato J, Kernan WN, Lichtman JH, Brass LM, Mohsenin V.
Obstructive sleep apnea as a risk factor for stroke and death. N Engl J
Med. 2005;353(19):2034–41.
60. Valham F, Mooe T, Rabben T, Stenlund H, Wiklund U, Franklin KA.
Increased risk of stroke in patients with coronary artery disease and sleep
apnea: a 10-year follow-up. Circulation. 2008;118(9):955–60.
61. Gami AS, Howard DE, Olson EJ, Somers VK. Day-night pattern of sudden
death in obstructive sleep apnea. N Engl J Med. 2005;352(12):1206–14.
62. Gami AS, Olson EJ, Shen WK, Wright RS, Ballman KV, Hodge DO, et al.
Obstructive sleep apnea and the risk of sudden cardiac death: a longitudinal study of 10,701 adults. J Am Coll Cardiol. 2013;62(7):610–6.
63. Young T, Peppard PE, Gottlieb DJ. Epidemiology of obstructive sleep
apnea: a population health perspective. Am J Respir Crit Care Med.
2002;165(9):1217–39.
64. Tregear S, Reston J, Schoelles K, Phillips B. Obstructive sleep apnea and
risk of motor vehicle crash: systematic review and meta-analysis. J Clin
Sleep Med. 2009;5(6):573–81.
65. Guilleminault C, Connolly SJ, Winkle RA. Cardiac arrhythmia and conduction disturbances during sleep in 400 patients with sleep apnea
syndrome. Am J Cardiol. 1983;52(5):490–4.
66. Guilleminault C, Connolly S, Winkle R, Melvin K, Tilkian A. Cyclical variation of the heart rate in sleep apnoea syndrome. Mechanisms, and
usefulness of 24 h electrocardiography as a screening technique. Lancet.
1984;1(8369):126–31.
67. Hayano J, Watanabe E, Saito Y, Sasaki F, Fujimoto K, Nomiyama T, et al.
Screening for obstructive sleep apnea by cyclic variation of heart rate.
Circ Arrhythm Electrophysiol. 2011;4(1):64–72.
68. Hayano J, Tsukahara T, Watanabe E, Sasaki F, Kawai K, Sakakibara H,
et al. Accuracy of ECG-based screening for sleep-disordered breathing: a survey of all male workers in a transport company. Sleep Breath.
2013;17(1):243–51.

Page 15 of 15

69. Magnusdottir S, Hilmisson H. Ambulatory screening tool for sleep apnea:
analyzing a single-lead electrocardiogram signal (ECG). Sleep Breath.
2018;22(2):421–9.
70. Arikawa T, Nakajima T, Yazawa H, Kaneda H, Haruyama A, Obi S, Amano H,
Sakuma M, Toyoda S, Abe S, Tsutsumi T, Matsui T, Nakata A, Shinozaki R, Miyamoto M, Inoue T. Clinical usefulness of new R-R interval analysis using the
wearable heart rate sensor WHS-1 to identify obstructive sleep apnea: OSA
and RRI analysis using a wearable heartbeat sensor. J Clin Med. 2020;9(10).
71. Hsu YS, Chen TY, Wu D, Lin CM, Juang JN, Liu WT. Screening of obstructive sleep apnea in patients who snore using a patch-type device
with electrocardiogram and 3-axis accelerometer. J Clin Sleep Med.
2020;16(7):1149–60.
72. Yatsu S, Kasai T, Naito R, Matsumoto H, Murata A, Shitara J, et al. Utility of
cyclic variation of heart rate score as a screening tool for sleep-disordered
breathing in patients with heart failure. J Clin Sleep Med. 2021.
73. Hayano J, Yasuma F, Watanabe E, Carney RM, Stein PK, Blumenthal JA,
et al. Blunted cyclic variation of heart rate predicts mortality risk in postmyocardial infarction, end-stage renal disease, and chronic heart failure
patients. Europace. 2017;19(8):1392–400.
74. Shimizu T, Yoshihisa A, Iwaya S, Abe S, Sato T, Suzuki S, et al. Cyclic variation in heart rate score by holter electrocardiogram as screening for
sleep-disordered breathing in subjects with heart failure. Respir Care.
2015;60(1):72–80.
75. Hayano J, Yuda E. Night-to-night variability of sleep apnea detected by
cyclic variation of heart rate during long-term continuous ECG monitoring. Ann Noninvasive Electrocardiol. 2021;18:e12901.
76. Hayano J, Yamamoto H, Nonaka I, Komazawa M, Itao K, Ueda N, et al.
Quantitative detection of sleep apnea with wearable watch device. PLoS
One. 2020;15(11):e0237279.
77. Freeman R, Chapleau MW. Testing the autonomic nervous system. In: Said
G, Krarup C, editors. Handbook of Clinical Neurology. 115. Amsterdam,
Netherlands: Elsevier; 2013. p. 115-36.
78. Barthel P, Schneider R, Bauer A, Ulm K, Schmitt C, Schomig A, et al. Risk
stratification after acute myocardial infarction by heart rate turbulence.
Circulation. 2003;108(10):1221–6.
79. Bauer A, Malik M, Schmidt G, Barthel P, Bonnemeier H, Cygankiewicz
I, et al. Heart rate turbulence: standards of measurement, physiological interpretation, and clinical use: International Society for Holter
and Noninvasive Electrophysiology Consensus. J Am Coll Cardiol.
2008;52(17):1353–65.
80. Hayano J, Ohashi K, Yoshida Y, Yuda E, Nakamura T, Kiyono K, et al.
Increase in random component of heart rate variability coinciding
with developmental and degenerative stages of life. Physiol Meas.
2018;39(5):054004.
81. Yuda E, Ueda N, Kisohara M, Hayano J. Redundancy among risk predictors derived from heart rate variability and dynamics: ALLSTAR big data
analysis. Ann Noninvasive Electrocardiol. 2020;on line.
82. Hayano J, Ueda N, Kisohara M, Yuda E, Watanabe E, Carney RM, et al. Risk stratification after acute myocardial infarction by amplitude-frequency mapping of
cyclic variation of heart rate. Ann Noninvasive Electrocardiol. 2021:e12825.
83. Zwillich C, Devlin T, White D, Douglas N, Weil J, Martin R. Bradycardia
during sleep apnea. Characteristics and mechanism. J Clin Invest.
1982;69(6):1286–92.
84. Yuda E, Shibata M, Ogata Y, Ueda N, Yambe T, Yoshizawa M, et al. Pulse
rate variability: a new biomarker, not a surrogate for heart rate variability.
J Physiol Anthropol. 2020;39(1):21.
85. Constant I, Laude D, Murat I, Elghozi JL. Pulse rate variability is not a surrogate for heart rate variability. Clin Sci (Lond). 1999;97(4):391–7.
86. Wong JS, Lu WA, Wu KT, Liu M, Chen GY, Kuo CD. A comparative study of
pulse rate variability and heart rate variability in healthy subjects. J Clin
Monit Comput. 2012;26(2):107–14.
87. Yuda E, Yamamoto K, Yoshida Y, Hayano J. Differences in pulse rate variability with measurement site. J Physiol Anthropol. 2020;39(1):4.
88. Charlot K, Cornolo J, Brugniaux JV, Richalet JP, Pichon A. Interchangeability between heart rate and photoplethysmography variabilities during
sympathetic stimulations. Physiol Meas. 2009;30(12):1357-1369.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

