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Abstract
Development of in medical sensor technology, it is possible to measure
human bio-signals over long periods of time. In particular, electrocardio-
gram (ECG) data obtained by long-term measurement in hospitals can
contribute to the construction of bioindicators for human diseases, which
have high prognostic power for cardiac diseases. In previous studies, it
has predicted the presence of myocardial necrosis, vascular occlusion,
and myocardial ischemia mainly by detecting characteristic ECG find-
ings such as abnormal Q waves, ST interval elevation, and coronary T
waves from ECG waveform. In this study, we compared heart rate vari-
ability (HRV) indices predictive of myocardial infarction calculated from
72-hour Holter ECG RR interval data with indices calculated from 24-
hour data. The HRV indices of 5 subjects in the young group (mean 22
y) and 5 subjects in the middle-aged group (mean 46 y) were compared,
and we revealed the usefulness of the 72-hour data for some indices, such
as standard deviation NN interval (SDNN).
Contribution of the Paper: We have shown that it is desirable to an-
alyze data obtained from long-term measurements in order to calculate
prognostic indices for cardiac diseases using heart HRV indices.
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1. INTRODUCTION

The circadian clock controls human rhythms and the
oscillation of intracellular proteins on 24-h cycle. The
mechanism of this biological clock is common to all life,
from molds to humans. The rhythms (cycles) of living or-
ganisms include ultradian rhythm; a few tens of minutes to
a few hours, circadian rhythm; about 24 hours, circabidian
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rhythm; about 2 days, circalunar rhythm; about 1 month,
and circannual rhythm; about a year. Of these, circadian
rhythms have been the main subject of research in tempo-
ral biology, and there are few studies on biological rhythms
in human longer than 24-h. Due to these characteristics of
circadian rhythm, it is well-known that human rhythms are
24 hours. Therefore, the human condition was estimated
from 24-hour data. In addition, due to the technical prob-
lems of sensors, especially of the sensor batteries, it has
been considered difficult to measure more than 24 hours
bio-signals, such as ambulatory ECG, pulse wave, and ac-
celeration.
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Circadian rhythm is formed intrinsically, but have mech-
anisms to be modified by external stimuli such as light,
temperature, and food. Human rhythms also follow a 25-h
light-dark cycle, and when we are placed in complete dark-
ness, the cycle becomes non-synchronized with the 25-h
cycle (free-run). The non-synchronized cycle is then reset
by a stimulus such as light or dark. It is thought that the
suprachiasmatic nucleus of the brain influences the cycles
in human body. When the body is placed in a non-periodic
cycle, circadian rhythms are disrupted, which can lead to
discomfort and circadian rhythm sleep disorder [1, 2]. It
has also been found to affect work performance [3]. In
short, humans have biorhythms, and behavioral patterns
and activity levels vary from day to day. Therefore, it is
important to consider activity levels and posture when in-
terpreting biological signal data such as ECG, pulse wave,
and respiratory curve under daily activities.
However, in recent years, in the field of human bio-signal
research, advances in sensor technology have made it pos-
sible to measure data under daily activities for long pe-
riods of time. For example, in the field of Holter ECG
research, research on 24-hour data measurement has been
the main focus [4-10]. In the field of Holter ECG research,
for example, research on 24-hour data measurement has
been mainly [4-10], and these data have been stored, and
Holter ECG recordings have been utilized to advance re-
search on 24-hour ECG big data [11-13]. The 24-hour data
analysis of bio-signals is also useful for the study of human
biorhythms. For example, rhythmic disorders such as sleep
time (bed in time) discrepancy can be screened at an early
stage from bio-signal analysis of acceleration and ECG.
However, the study of biorhythms longer than 24 hours
has not progressed due to the difficulty of data measure-
ment, and thus no useful index has been established. In
order to quantitatively extract patterns of change and vari-
ables that predict patterns of abnormality, it is desirable
to analyze data measured over long periods of time.
In this study, we compared the HRV indices obtained by
analyzing the 72-hour Holter ECG RR intervals data with
the data from a normal 24-hour Holter ECG data, focusing
on the indices of prognostic determinants after myocardial
infarction. After myocardial infarction, sudden death due
to fatal arrhythmia and worsening of heart failure are often
observed. Therefore, it is necessary to establish a reliable
index as a prognostic factor after myocardial infarction,
but there is no such useful index. In recent years, indices
obtained by analyzing ECG waveform are thought to be
useful in predicting the prognosis of myocardial infarction,
and several studies have been conducted. However, no con-
sistent results have been obtained [14-16]. In this study,
long-term ambulatory ECG were recorded under daily ac-
tivities for 72 consecutive hours and HRV indices were com-
pared with the conventional 24-hour method. The authors
have no conflict of interest related to this research.

2. METHODS

2.1. Protocol

10 healthy male and female subjects (age 20 - 65y),
including 5 young (4 males and 1 female, mean 22y) and
5 middle-aged (4 males and 1 female, mean 46y) were re-
cruited. Subjects wore a Holter ECG (Cardy Pico+03,
Suzuken Co., Ltd., Japan) for 72-hour, and RR interval
(RRI) were recorded for 3 consecutive days. To avoid the
effect of seasonal variations, the experiment was conducted
on 3 consecutive days in July. All subjects were healthy in-
dividuals with no underlying medical conditions.The Holter
ECG sensor were of the 24-hour measurement type, so the
subjects wore a new sensor every 24 hours. RRI data and
triaxial body acceleration data were stored in memory of
those device. After 72-hour measurement, we extracted the
CSV data of the RRI and body acceleration data from the
Holter ECG sensor using the Holter ECG data analyzer
(Cardy Analyzer 05, Suzuken Co., Ltd., Japan) and ana-
lyzed the data with mean ± 95 percent confidence interval
(CI).

2.2. Holter ECG sensor

The Holter ECG sensor is a medical sensor that is rou-
tinely used for continuous monitoring of ECG in an out-
patient setting for the diagnosis of arrhythmia and my-
ocardial ischemia (MI). This sensor incorporates a triaxial
accelerometer, which allows simultaneous visualization of
body acceleration and body position. Since many heart
rate variability indices are affected by posture, it is neces-
sary to evaluate posture simultaneously. A single of Holter
ECG sensor can measure for 24-hours, record 100,000 heart-
beats of ECG waveforms and RR interval time series, and
store the data in the device (digital memory system). The
data is stored in the device and analyzed offline after record-
ing. In this experiment, the ECG was measured for 72
hours by changing the sensors, 300,000 heartbeats were
measured in one experiment. The external dimensions of
the sensor are W28 x D42 x H9 mm, and its weight is 13
g. Therefore, it is not felt to be worn. The recordingchan-
nels are three ECG channels, one pacemaker pulse channel,
and three acceleration channels. The memory capacity is
256 Mbytes, the A/D conversion is 10 bit (20 V/dig, 8 ms
sampling), and the frequency response is 0.05 - 40 Hz.

2.3. Analysis of RR interval

The RR interval (RRI), which is the interval from one
heartbeat to the next. It is actually not constant, normal
for the RRI to fluctuate. HRV analysis is a non-invasive
bio-assessment technique and an indicator of the cardiac
autonomic nervous system [17]. HRV power decreases with
age, furthermore, autonomic disturbances bias the auto-
nomic balance toward sympathetic dominance and pro-
mote cardiovascular degeneration, especially in the elderly
[17-19]. Decreased HRV power is due to an increased sym-
pathetic nervous system and decreased parasympathetic
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Figure 1: Holter ECG sensor.
This Holter ECG sensor can store data of human ECG RR interval,
acceleration and posture for 24 hours and more. In this experiment,
we changed this sensor every 24-hours and measured the data for
72-hours. In Holter ECG monitoring, where measurements are taken
over a long period of time under daily life, there are many factors that
can introduce noise into the ECG waveform, such as body movement
and sweating, and proper electrode attachment is essential to reduce
these effects as much as possible and obtain a clean ECG waveform.
In this experiment, the electrodes of the Holter ECG were attached to
the appropriate 3 points as shown in this figure. Before starting the
recording, the amplitude of the waveform and noise contamination
were checked on the monitor.

nervous system and has been associated with mortality
from heart failure, especially in the elderly [18, 19].
Indices of heart rate variability include time domain and
frequency domain. The following time-domain indices are
commonly evaluated.

• HR: Mean of all heart rates

• Mean (ms): Mean of RR interval

• SDNN (ms): Standard deviation of RR intervals

• RMSSD (ms): The square root of the mean of the
squares of the differences between successive adjacent
RR intervals (index of vagal tone strength)

• NN50: the total number of differences between con-
secutive adjacent RR intervals greater than 50 ms
(index of vagal tone strength)

• pNN50 (percent): Percentage of heartbeats in which

the difference between consecutive adjacent RR in-
tervals exceeds 50 ms (index of vagal tone strength)

The frequency domain is a HRV index calculated by
computing the power spectrum from the RRI time series
data and integrating the power in a given frequency do-
main. Power spectrum density (PSD) is one of the most
commonly used methods to analyze the periodic structure
of data in time series data analysis. The power spec-
trum of HRV is calculated by the nonparametric estimation
method. The nonparametric method calculates the heart
rate variability power spectrum directly from the time se-
ries data without using a model described by a few param-
eters. The formula for calculating the power spectrum is
as follows.

lim
T→∞

∫ T
2

−T
2

|x(t)|2 =

∫ ∞
−∞

S(ω)dω (1)

The power of the HRV is a quantity defined as the
square of the signal x(t), and the left side of the above
equation represents the time average of the power of the
signal x(t) when the time width is extended to infinity.
The left side of the above equation represents the time av-
erage of the power of the signal x(t) as the time width is
extended to infinity, which is the power of the signal x(t)
per unit time. The right side is a frequency analysis of the
power per unit time defined on the left side. By break-
ing down the total power into waves with regular periods,
it expresses how much each frequency wave contributes to
and constitutes the total power. S(ω), the power spectral
density (PSD), is the quantity that indicates the fraction
of the total power contributed by each frequency wave. In
this equation, is the angular velocity, a variable that is
proportional to the frequency f(= 1/T ) (ω = 2/T ). The
following indices of heart rate variability in the frequency
domain are commonly evaluated.

• ULF: Ultra low frequency component (< 0.003 Hz)

• VLF: Very low frequency component (0 - 0.05Hz) (re-
flects vasomotor activity, renin-angiotensin system,
and thermoregulation)

• LF: The mid-frequency component (0.05 - 0.20 Hz)
(reflects the baroreceptor system)

• HF: High-frequency component (0.20 - 0.35Hz) (re-
flects the respiratory system fluctuations)

The HF component is affected by parasympathetic ac-
tivity induced by respiration, the LF component is af-
fected by sympathetic and parasympathetic activity, and
the LF component is affected by sympathetic and parasym-
pathetic activity, and the VLF component is affected by
sympathetic and parasympathetic activity. LF/HF is then
used as an index of sympathetic nerve function. To obtain
the frequency components, HRV analysis is used; the LF
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component has a peak around 0.1 Hz, and the HF compo-
nent has a peak around 0.25 Hz. The power of the HF com-
ponent is an indicator of parasympathetic nerve function,
and the power of the LF/HF component is an indicator of
sympathetic nerve function. In this study, indices of HRV
in the time series domain and frequency domain obtained
from RRI were calculated from 72-hour and 24-hour data
for comparison.

2.4. Calculation of HRV parameters

We calculated and compared the time series domain
parameters and frequency domain parameters for 72-hours
and 24-hours. The time domain parameters calculated
in this study are Mean and SDNN, and the frequency
domain parameters are ULF, VLF, LF, and HF indices.
This study was conducted with the approval of the Ethical
Review Committee of the Graduate School of Medicine,
Nagoya City University, Japan (Approval No. 60-18-0211,
approved March 22, 2019).

3. RESULTS

Mean and SDNN were reproducible for 72-hours un-
changed in both young and middle-aged. Mean NN showed
no significant difference between young and middle-aged
but SDNN was larger in young. 0-24h and 24-48h showed
a greater difference in young, but not between young and
middle-aged subjects. There was no significant of body ac-
celeration difference between young and middle-aged. Over-
all, there was little change in the middle-aged, and the
rate of change was greater in the young. Mean NN showed
no significant difference between 24-48 hours, but changed
at 48-72 hours in the young. SDNN showed significant
changes in 3 days in both young middle-aged. ULF showed
no significant changes in either middle-aged or young adults.
The 72-hour change was significant in both young and
middle-aged. The changes were greater in the young, es-
pecially for 3 days. In the 72-hour comparison, there were
no significant changes in any of the frequency domain pa-
rameters. However, when comparing the rate of change
from 24-hours and 72-hours data, the change in ULF was
smaller than the change in HF.

4. DISCUSSION

By the treatment of myocardial infarction, its mortality
rate is decreasing, but in order to improve the prognosis
after hospital discharge, it is necessary to identify prognos-
tic determinants after myocardial infarction. Long-term
monitoring is indispensable for discovering indicators that
reveal the relationship between various lifestyle habits and
diseases such as cancer, stroke, and myocardial infarction.
The study of indicators that predict biological conditions
is useful for extending healthy life expectancy. It is also
important to clarify the incidence of myocardial infarction

Figure 2: Figure 2. Example of comparison of one of HRV indices
(LF/HF)
This figure shows the LF / HF power ratio (comparison between the
day 2 and day 3). Blue bar is the average of the young group and
orange bar is the average of the middle-aged (percent). This value
represents the overall balance of sympathetic and parasympathetic
nerves. A high indicates sympathetic dominance, and a low indicates
parasympathetic dominance. However, it should be considered that
it reflects the increased parasympathetic activity due to the high RSA
(breathing) effect during regular deep breathing. The LF / HF ratio
is calculated with the corrected value.

by long-term follow-up, and sensors that can be used un-
der daily activities, such as Holter ECG, are suitable for
”long-term follow-up.
In previous studies, it has predicted diseases from ECG
waveforms measured mainly in hospitals. However, there
are no studies using heart rate variability indices, which
are based on the ECG waveform itself. As for prediction
from ECG waveforms, it has been shown that the longer
the data, the better, but these are ECG waveform research,
not HRV index studies. Therefore, this study is the first
challenge and a new attempt. And the evaluation from
time domain and frequency domain indices is insufficient,
and it will be essential to analyze nonlinear dynamics in-
dices such as DFA1 in the future.
In Japan, there is no nationwide registration system for
the incidence of cardiovascular diseases such as stroke and
acute myocardial infarction, and the approximate number
of incidents of cardiovascular diseases in medical institu-
tions is determined using DPC (diagnosis procedure com-
bination) data. DPC is a system introduced in 2003 to
classify patients based on their diagnosis and the medical
procedures (treatments and procedures) performed. The
purpose of this system is to optimize medical costs. The
prognosis of an individual’s disease is important for the
optimization of medical costs. And it is necessary to cal-
culate the index from the long-term data of individuals.
This study is the first to compare the 72-hours HRV index
with the 24-hours HRV index for a new index in the era of
continuous monitoring, but it has several limitations.
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First, the subjects were healthy individuals, and in order
to examine the clinical significance of heart rate variabil-
ity index as a prognostic factor from the 72-hour ECG, it
was originally desirable to analyze data from the acute and
chronic phases after myocardial infarction. After that, the
data should be retrieved retrospectively, and survival anal-
ysis by Cox proportional hazards regression is generally
performed according to each index of HRV [20, 21]. Prog-
nosis should be retrospectively analyzed by Cox propor-
tional hazards regression according to each index of HRV
and the relative risk rate should be calculated.
Secondly, the 72-hour continuous measurement in this study
does not take into account individual biological rhythms
such as sleep time and lifestyle, and only compares the 72-
hour and 24-hour HRV indices based on prognostic factors
after myocardial infarction. In the future, it is desirable
to combine the analysis with lifelog and other characteris-
tics of the subject. Until now, most long-term ECG stud-
ies have been conducted on hospitalized patients, and few
studies have analyzed 72-hour long-term ECG during daily
activities. The present study is a valuable attempt to un-
derstand the long-term data of healthy people under daily
activities.
In this study, SDNN was found to fluctuate greatly over 72
hours in both young and middle-aged subjects. Since it is
known that sympathetic activity is increased during exer-
cise [17]. In short, when was the data measured; the value
of the index is affected by when the data was measured.
This is an important point because in the case of ECG data
obtained from hospitalized patients, there is no change in
activity or body position because most patients are bedrid-
den. In this study, however, we showed that the values of
the indices under daily activities differed depending on the
measurement day. The heart rate variability index differs
with different activity patterns. Of course, there have been
many studies on body acceleration and HRV indices, but
most of them have been conducted after one week [22].
The significance of this study lies in the fact that it clari-
fied that the point of time at which the data is measured is
an important point. By comparing the heart rate variabil-
ity indices of 72-hours and 24-hours in young and middle-
aged subjects, we confirmed that the daily activity and
heart rate variability indices differed even in 3 consecutive
days. The development of information and communication
technologies has given rise to new sensing technologies for
measuring various information in real field. The number of
days during which the human body can be monitored by
wristwatch-type wearable devices is prolonging, and pulse
waves and ECG are becoming easier to measure during
daily activities. As the technology of bio-metric measure-
ment advances, research on bio-signal processing is neces-
sary to extract useful information from the data to esti-
mate the human biological state, and the identification of
rhythms and prediction of diseases are among the useful
indicators. This data analysis results is expected to be
applied not only to medicine but also to sports and wel-
fare fields because it captures the dynamic movements of

the body. In addition to medical care, the technology is
expected to be applied to sports and welfare fields.

5. CONCLUSIONS

The results of this study showed that the HRV in-
dex from the 72-hours measurement was reproducible; the
change in HRV was greater in the young than in the middle-
aged. The variance in ULF; one of HRV indicators, ultra-
low frequency component (< 0.003 Hz) was smaller than
that in other indices, with little difference by age. There-
fore, when estimating prognosis by analyzing 24-hour data,
ULF was found to be one of the indicators with less varia-
tion in 72-hours, and it was found to be one of the robust
indicators. Identifying individual biorhythms from 72-hour
data is a future challenge; especially length that exceeds
more 24-hour rhythm (circadian rhythm). For future re-
search, what is the index that improves the prediction ac-
curacy in long-term measurement is an issue. However,
in this study, we showed one of the indexes that can es-
timate the biological condition even by 24-hour measure-
ment. The results of this study suggest a direction for one
of the utilization of 72-hours data.
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