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Abstract: Japan is facing challenges associated with its super-aging society, including increased social 

security burdens and a rise in the elderly workforce due to a declining younger labor force. Extending 

healthy life expectancy is one countermeasure, necessitating lifestyle improvements such as frailty 

prevention and ensuring adequate sleep duration. This study investigated the relationship between 

heart rate variability (HRV) and sleep duration among older adults (aged ≥65) using 

electrocardiogram (ECG) and three-axis accelerometer data from the Allostatic State Mapping by 

Ambulatory ECG Repository (ALLSTAR) database, recorded between January 2019 and March 2021. 

Inclusion criteria required sinus rhythm and recording durations ≥80%. Continuous 24-hour ECG 

and accelerometer data were analyzed for 55,154 participants (mean age 76±6). Results consistently 

showed significant differences in HRV metrics, including MRRI, SDRR, ULF, LF, HF, and LF/HF, 

across sleep duration groups (G1–G4). Short-sleep groups (G4) exhibited decreased MRRI and SDRR 

and increased LF/HF, suggesting active lifestyles but reduced HRV. Conversely, long-sleep groups 

(G1) showed increased MRRI and reduced LF/HF but exhibited age-related declines in SDRR and 

ULF. These findings indicate that both insufficient and excessive sleep may contribute to HRV 

reduction in older adults. This study provides critical insights for improving elderly lifestyles 

through tailored interventions in exercise and sleep management. 

Keywords: heart rate variability (HRV); sleep duration; older adults; electrocardiogram (ECG); 

lifestyle interventions 

 

1. Introduction 

Japan is facing an aging society, and with the decline in the birthrate and the resulting decrease 

in the number of young workers, the country is encountering challenges such as an increased burden 

on social security systems and a rise in the number of elderly workers. One measure to address this 

situation is to extend healthy life expectancy, which necessitates lifestyle improvements, such as 

frailty prevention and ensuring adequate sleep. 

However, as we age, our basal metabolic rate decreases. This decline results in nutrients 

consumed not being efficiently used as energy but instead stored as fat in the body. Additionally, as 

energy is not properly distributed throughout the body, the functions of blood vessels, internal 

organs, and muscles deteriorate. A reduction in lean body mass, such as muscle, further contributes 

to decreased energy metabolism during activity. While the primary cause of the decline in basal 

metabolic rate associated with aging is attributed to the loss of skeletal muscle mass, this factor alone 

does not fully account for the phenomenon. A decrease in the metabolic rate of individual organs is 

also considered a significant contributor. Numerous studies support this view, including those 

related to elderly metabolism [1–3], elderly pharmacokinetics [4–15], and energy requirements and 

aging [16–20], which highlight unique metabolic phenomena in the elderly. 
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In recent years, new findings have emerged regarding the activities and sleep of the elderly. For 

example, exercise has been emphasized as crucial for preventing obesity, which occurs when energy 

intake exceeds energy expenditure [21]. Additionally, short sleep duration has been identified as a 

risk factor for obesity [22]. 

Heart rate variability (HRV), widely recognized as an indicator of autonomic nervous system 

function, has become an essential tool for assessing the health of the elderly. Studies have shown a 

correlation between heart rate indicators and basal metabolic rate, indicating that a higher basal 

metabolic rate is associated with a higher pulse rate. HRV is also used as a measure of the body’s 

ability to respond to physiological stress and maintain overall health [23–29]. 

Therefore, in this study, we focused on the relationship between heart rate variability and sleep 

duration, aiming to quantitatively evaluate this relationship. 

2. Materials and Methods 

2.1. Study Design and Population 

In this study, we used data from the Allostatic State Mapping by Ambulatory ECG Repository 

(ALLSTAR) database, which includes comprehensive records of electrocardiogram (ECG) and 

triaxial accelerometer data collected between January 2019 and March 2021 (https://allstar.jpn.org/). 

Among the data of the elderly (aged 65 years or older), the selection criteria were sinus rhythm of 

80% or more and recording time of 80% or more. The data of 2019 (n=23,547, 76±6 years old), 2020 

(n=25,402, 76±6 years old), 2021 (n=6,205, 76±6 years old), and a total of 55,154 people. Data that met 

these conditions and were eligible for analysis were used. 

2.2. Data Collection 

Continuous 24-hour ECG and three-axis accelerometer data were collected using Holter ECG 

recorder (pico 303, Suzuken Co., Ltd., Nagoya, Japan). The sampling frequency for ECG-derived RR 

intervals (RRI) was set at 125 Hz, while the sampling frequency for accelerometer data was 31.25 Hz. 

Holter ECG The device has a built-in non-volatile memory that does not require a backup 

battery, and records 24-hour ECG signals as well as 3D acceleration information. A button battery 

(CR2032) is already attached to the back of the device, and attaching the back cover puts the device 

in recording standby mode, so it is easy to attach. It records 3 channels (CH) with 3 electrodes. With 

the standard electrode placement, which is attached to the upper right chest, left subclavian, and left 

lower rib, 

CH1: CM5 induction = V5 equivalent 

CH2: NASA induction = V1 induction, which makes it easy to see the P wave 

CH3: Auxiliary induction = auxiliary induction that can be used when the pico main unit fixed 

electrode is missing (difference potential between CH1 and CH2) 

Three-Axis Accelerometer; physical activity levels and sleep patterns were assessed using 

accelerometer data recorded simultaneously with ECG. Sleep duration was estimated based on 

periods of minimal physical activity, as determined by accelerometer thresholds validated. The three-

axis accelerometer within the device allowed for posture estimation by calculating the roll, pitch, and 

yaw angles. This was achieved by leveraging the property that, under static conditions, the 

accelerometer primarily detects gravitational acceleration. The sensor outputs a vector aligned with 

the reaction force direction, enabling estimation of the body’s orientation relative to gravity. The 

fundamental principle behind accelerometer-based posture detection is that, irrespective of the 

object’s orientation, the gravitational direction serves as a constant reference point. Using this 

reference, the current posture can be deduced. This method enabled the accurate analysis of body 

position and movement states during data collection. All devices were calibrated prior to use to 

ensure the reliability of the collected data, which served as the foundation for analyzing the 

relationship between heart rate variability and sleep duration among older adults. 
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If we define the vector of the sensor coordinate system output by the acceleration sensor as (ax, 

ay, az), and the rotation angles of roll, pitch and yaw that rotate this into the global coordinate system 

as (r, p, y), 

the result of the rotation is always facing the sky in the global coordinate system, so we can 

express it as (0, 0, g) when we take the acceleration of gravity. If we consider each of these vectors as 

a matrix, we can express them using the following formula, together with the rotation matrix, 

𝑅𝑧(𝑦)𝑅𝑦(𝑝)𝑅𝑥(𝑟) [

𝑎𝑥

𝑎𝑦

𝑎𝑧

] = [
0
0
𝑔

] (1) 

In order to obtain the rotation matrix (Equation 2) that is a composite of the three rotations, the 

final rotation can be obtained by multiplying the rotation matrix in order (Equations 3-5). Each 

rotation matrix indicates the rotation about the rotation axis. 

R = Rz(y) ⋅ Ry(p) ⋅ Rx(r) (2) 

Roll (𝑟): Rotation around the X-axis (front-back axis) 

Rx(r) =  (

1 0 0
0 cos(r) −sin(r)

0 sin(r) cos(r)
) (3) 

Pitch (𝑝): Rotation around the Y-axis (left-right axis) 

Ry(p) =  (
cos(p) 0 sin(p)

0 1 0
−sin(p) 0 cos(p)

) (4) 

Yaw (𝑦): Rotation around the Z-axis (up-and-down axis) 

Rz(y) =  (
cos(y) −sin(y) 0

sin(y) cos(y) 0
0 0 1

) (5) 

2.3. Three Axis Accelerometer and Supine Position Detection Algorithm 

For the discrimination of four types of supine postures (supine, prone, right-sided, and left-

sided), we first resampled the x(t), y(t), and z(t) output from the Holter electrocardiograph at 10 Hz. 

Next, we focused on y(t) to determine whether the posture was supine or not. The supine and prone 

postures were discriminated by z(t), and the right and left side supine postures were discriminated 

by x(t) (Figure 1). 

 

Figure 1. Example of applying the supine position detection algorithm. 

2.4. Sleep Duration Categorization 

The lying-down rate for each hour was calculated using the lying-down detection algorithm. 

The lying-down rate increased to 50% between 21:00 and 21:59, and it was estimated that people went 

to bed during this time. The lying-down rate decreased to 50% between 6:00 and 6:59, and it was 
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estimated that people got up during this time period, it is estimated that people get up during this 

time (Figure 2). By focusing on the average value of the percentage of people in the supine position 

during the 10-hour period from 21:00 to 7:00, we divided the subjects into four groups using quartiles 

(long sleep group: G1, slightly long sleep group: G2, slightly short sleep group: G3, short sleep group: 

G4). The average sleep time for each group is shown in Table 1. 

RRI and Three-axis bio-acceleration outputs from the Holter ECG are shown respectively. The 

posture is shown in the bottom row and horizontal axis is time. 

 

Figure 2. Estimation of nighttime sleep duration and grouping. 

The vertical axis shows the percentage of lying down time, and the horizontal axis shows time 

of day. The red bars show data for 2019, green shows for 2020, and blue shows for 2021. 

Table 1. Average sleep time for each group [h] (Mean ± SD). 

Year G1 G2 G3 G4 

2019 9.3 ± 0.3 8.4 ± 0.2 7.6 ± 0.2 6.2 ± 1.0 

2020 9.4 ± 0.3 8.4 ± 0.2 7.6 ± 0.2 6.2 ± 1.0 

2021 9.4 ± 0.3 8.5 ± 0.2 7.4 ± 0.2 6.4 ± 0.9 

2.5. Heart Rate Variability Metrics 

The following eight types of heart rate variability metrics were calculated using the discrete 

Fourier transform (DFT) algorithm, which calculates the DFT quickly using the Fast Fourier 

Transform (FFT) from the RRI time series for one day, which had been resampled at 2Hz. FFT is a 

general non-parametric method for calculating power spectral density, and by using FFT, the signal 

was converted from the time domain to the frequency domain. The spectrum function, which is 

expressed as a power value per unit frequency width (1 Hz width) so that it is not dependent on the 

frequency resolution Δ f of the FFT calculation, is the Power Spectral Density Function (PSD), and is 

suitable for evaluating non-periodic signals (irregular signals, random signals) that are continuous 

spectra. 

⚫ Mean RRI interval: MRRI 

⚫ Standard deviation: SDRR (smaller values indicate a predominance of sympathetic nervous 

system activity) 

⚫ Ultra-low frequency power (ULF: < 0.0033 Hz): An indicator reflecting circadian rhythm 

⚫ Very low frequency power (VLF: 0.0033-0.04 Hz): An indicator reflecting vasomotor activity and 

thermoregulation 

⚫ Low frequency power (LF: 0.04-0.15 Hz): An indicator reflecting baroreflex sensitivity 

⚫ High frequency component power (HF: 0.15-0.45Hz): An indicator reflecting parasympathetic 

nervous system activity 

⚫ LF/HF ratio: An indicator reflecting sympathetic nervous system activity and the proportion of 

time spent in the supine position (a high value indicates a low proportion of time spent in the 

supine position, so this is an indicator that is considered over long periods of time) 
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⚫ High frequency component peak frequency (HFF): An indicator reflecting the number of 

respiratory cycles 

2.6. Statistical Analysis 

HRV indices were compared across sleep duration groups using one-way analysis of variance 

(ANOVA) with Bonferroni’s post-hoc test for multiple comparisons. Statistical significance was set 

at p < 0.05. All analyses were conducted using IBM SPSS Statistics (version 28.0.1.0, Armonk, NY, 

USA). Values of HRV indices were expressed as mean and standard error. 

2.7. Ethical Considerations 

This study was conducted in accordance with the principles of the Declaration of Helsinki. The 

ALLSTAR database does not contain any personal information such as the names or addresses of the 

study participants, but approval was obtained from the ethics committee for the secondary use of the 

data (Nagoya City University Hospital Ethics Review Committee, Approval Number 60-00-070, 

August 17, 2020). All participants signed a written informed consent form at the time of data 

collection. 

3. Results 

The HRV indices for each group are shown in Figure 2. Across the three years (2019–2021), the 

MRRI of G1 was higher and ULF was lower compared to G2, G3, and G4 (P<0.001). In 2019 and 2020, 

SDRR was lower in G1 and G4 compared to G2 and G3 (P<0.001). Additionally, in 2019, the VLF, LF, 

and HF were lower in G1 compared to G3 (P<0.05). In 2020, VLF, LF, and HF were also lower in G1 

compared to G2 and G3 (P<0.01), while the LF/HF ratio showed a higher tendency in G4 compared 

to G1 in both 2020 and 2021 (P<0.01). 

 

(a) 

 

(b) 
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(c) 

Figure 3. HRV indicators for each group (a), (b), and (c) indicate the HRV index for 2019, 2020, and 2021, 

respectively. 

4. Discussion 

From these results, it was thought that the group with short sleep duration (G4) was leading an 

active lifestyle and that HRV was declining, based on the decrease in MRRI and SDRR and the 

increase in LF/HF. In addition, the group with long sleep duration (G1) showed a decrease in SDRR 

and ULF despite an increase in MRRI and a decrease in LF/HF. This suggests that HRV declines with 

age, and that this effect is particularly pronounced in older people. 

The findings of this study indicate that HRV indices decrease with aging, which is largely 

consistent with previous studies. On the other hand, we succeeded in uncovering a novel insight that 

has not been thoroughly explored in prior research—namely, that groups with shorter sleep 

durations tend to exhibit higher levels of physical activity. This result provides an important 

contribution to understanding the relationship between sleep and physical activity. 

Numerous studies have investigated the relationship between sleep duration and lifespan [30–

38], showing that sleep duration shortens with aging, sleep becomes more fragmented, and its quality 

declines. For example, children up to adolescence typically require about 9 hours of sleep, which 

decreases during the mid-teenage years, stabilizing around 7 hours in the twenties. In older adults, 

sleep duration is suggested to decrease further, to about 5–6 hours [30]. This reduction is partially 

attributed to a decline in basal metabolic rate, leading to a lower energy replenishment need through 

sleep. 

Additionally, among older adults, going to bed early despite a lack of sleepiness may contribute 

to poor sleep onset and increased instances of waking up during the night. From this perspective, 

rather than focusing on sleep duration, increasing physical activity may be a more desirable strategy 

for maintaining health in older age. However, it has also been reported that sleep quality declines as 

the number of chronic conditions increases with age [38]. This suggests that unresolved issues remain 

regarding the relationship between HRV and sleep quality. Future studies should aim to examine 

these aspects in greater detail to deepen our understanding of the interplay between aging, sleep, 

physical activity, and HRV. 

5. Conclusions 

In this study, we analyzed ALLSTAR, a comprehensive big dataset, to explore the intricate 

relationship between heart rate variability (HRV) and sleep duration in older adults. The findings 

revealed that both excessively long and short sleep durations may be associated with decreased HRV, 

emphasizing the potential impact of sleep patterns on autonomic nervous system function in older 

adults. These results underscore the importance of maintaining an optimal balance in sleep duration 

as a critical factor for preserving cardiovascular and overall health during aging. As people age, 

changes in sleep patterns naturally occur, even among healthy older adults. These changes include 

shallower sleep, more frequent awakenings during the night, and earlier morning awakenings. 
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Additionally, the presence of diseases that interfere with sleep can lead to various sleep disorders, 

such as insomnia and sleep apnea syndrome. This highlights the need for further research to better 

understand the relationship between sleep quality and HRV indices. Moreover, this study draws 

attention to the interplay between sleep duration and physical activity levels and their combined 

effects on HRV and broader health outcomes in older adults. As part of a comprehensive health 

promotion strategy for aging populations, establishing regular exercise routines and consistent sleep 

patterns is crucial. These approaches are expected to foster healthier aging and reduce the burden of 

age-related health issues, ultimately contributing to improved quality of life in older adults. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 

paper posted on Preprints.org, Holter ECG database ALLSTAR (https://allstar.jpn.org/) used in this study can 

be obtained by going through the application process for research use. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

ECG Electrocardiogram 

HRV Heart Rate Variability 

RRI RR Interval 

MRRI Mean RRI interval 

SDRR Standard deviation of RRI 

ULF Ultra-low frequency power (< 0.0033 Hz) 

VLF Very low frequency power (0.0033-0.04 Hz) 

LF Low frequency power (0.04-0.15 Hz): 

HF High frequency component power (0.15-0.45Hz) 

LF/HF LF/HF ratio 

HFF High frequency component peak frequency 
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