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Aerobic exercise is an excellent way to maintain good health, and marathons are a popular form of aerobic exercise. 
Studies that using spectral analysis of heart rate variability (HRV) to evaluate autonomic nervous activity have 
established HRV as an indicator of exercise intensity. HRV is analyzed in terms of four distinct frequency bands of 
spectral power: ultra-low (ULF), very-low (VLF), low (LF), and high (HF) frequencies. This study evaluated two male 
pacesetter marathon runners wearing Electrocardiogram leads monitored during a 30-km marathon in Japan. Time series 
data of the runners’ R-R intervals over 90 min showed that the spectral power values in ULF and VLF bands exceeded 
those in LF and HF bands. Others have reported that ULF and VLF power values decrease as cardiovascular disease 
severity increases. Accordingly, these values all have clinical prognostic potential for the evaluation of individuals ’ 
capacity for exercise.
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INTRODUCTION

The importance of physical exercise to maintain/
promote good health as well as prevent lifestyle-related 
diseases is being recognized. Indeed, for enhancing 
physical strength, aerobic exercise—walking, running, 
swimming, bicycling—has attracted the most attention. To 
perform aerobic exercise safely and efficiently, however, it 
is necessary to set the exercise intensity that is suitable for 
each individual planning to engage in an exercise regimen. 
Recently, evaluation of autonomic nervous activity using 
spectral analysis of heart rate variability (HRV) has been 
accepted as an indicator of exercise intensity 1-5). 

HRV analysis has been described for four distinct 
frequency bands of spectral power 6,7):ultra-low frequency 
(ULF, <0.003 Hz), very-low frequency (VLF, 0.003–0.04 

Hz), low frequency (LF, 0.04–0.15 Hz), and high frequency 
(HF, 0.15–0.4 Hz). There is considerable evidence that 
(1) the power in the HF band is a function of parasym-
pathetic activity; (2) sympathetic activity contributes to 
the LF band 8); and (3) the LF/HF ratio can be used as 
a measure of sympathovagal balance 9,10) (i.e., the rela-
tive contributions of sympathetic and parasympathetic 
activity). However, there is no consensus on the origin of 
HRV in the VLF and ULF bands 8). This lack of consensus 
could be a major concern as most of the spectral power is 
contained in these lowest-frequency bands 11), and clinical 
interpretations rely heavily on changes in low-frequency 
power 12). 

It was recently reported that ULF and VLF bands play 
a crucial role in HRV during treadmill running with a 
refined method of the periodogram 1). The periodogram, 
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however, reconstructs a time series from a sum of its 
Fourier components based on a prior knowledge of the 
fundamental period of the original time series data. 
However, such knowledge is rarely obtained in practice. 
Therefore, periodogram is available only for extremely 
restrict case, i.e. harmonic time-series, in which theoreti-
cally exact solutions are given.

We have already proposed a newly devised method of 
time series analysis, which overcomes the disadvantage 
of conventional time series analysis including the peri-
odogram 13,14). A series of analyses in the present study 
is composed of spectral analysis based on the maximum 
entropy method (MEM) in the frequency domain and 
nonlinear least squares method (LSM) in the time domain. 
Hence, the current study investigated whether large 
contributions of the ULF and VLF bands are responsible 
for HRV during marathon running using our method of 
time series analysis.

METHOD 
Subjects

Two healthy male subjects volunteered for this study. 
The physical characteristics of subject-1 and -2 were ages 
39 and 48 years, heights 175 and 172 cm, and weights 57 
and 55 kg, respectively. The previous summer the two 
men had participated in a 30-km marathon in Sapporo, 
Japan, running as pacesetters at the fixed speeds of 255 s/
km and 300 s/km (average temperature 25.3°C, relative 
humidity 68%, wind velocity 2.0 m/s).

Prior to the race, they had undergone placement of 
standard three leads from a Holter electrocardiograph 
to obtain time series data of R-R intervals. Their cardiac 
activity was recorded on AC100 type, active tracer (GMS 
Co. Ltd., Japan), with the A/D converted data (sampling 
frequency of 1 kHz) then transferred to a personal 
computer. 

MEM spectral analysis

MEM power spectral density (MEM-PSD) P(  f  ) (where 
f represents frequency) for the time series of R-R intervals 
with equal sampling interval ∆t can be expressed by  

where the value of Pm is the output power of a prediction-
error filter of order m and γm,k is the corresponding filter 
order. The value of the MEM-estimated period of the nth 
peak component Tn (=1/fn; where fn is the frequency of the 
nth peak component) can be determined by the positions 
of the peaks in the MEM-PSD.

Ethics Approval and consent to participate

This research was performed in accordance with the 
Declaration of Helsinki. The study was reviewed and 
approved by the Ethics Committee of Sapporo Medical 
University School of Medicine on 25 March 2016. All 
participants provided written, informed consent.

RESULTS 
R-R intervals

Figure 1 shows time series data of R-R intervals during 
a 90-min period for one subject while running. The data 
(Fig. 1a) show a long-term trend, with a large difference 
between the beginning and end of the data. To remove this 
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Fig. 1　 R-R time series data for a subject during running. 
(a) Time series data and together the linear 
regression line (blue). (b) Residual data obtained 
by subtracting the linear regression line from the 
original data. (c) Maximum entropy method–
power spectral density (MEM-PSD) of the 
residual data.
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long-term trend from the data, a first-order regression line 
(blue line, Fig. 1a) was removed from the original data, 
thereby obtaining the residual data (Fig. 1b). The value of 
the slope of the linear regression line was - 801.2. 

Spectral analysis

Further analysis of the residual data for the R-R inter-
vals was conducted with MEM spectra analysis to obtain 
the power spectral density (PSD) (Fig. 1c). The integrated 
PSD was separated into the four frequency-defined 
components ULF, VLF, LF, and HF. The formulation of 
MEM-PSD is described in the Appendix.

Figure 2 shows the ratios of the spectral power for 
specific frequency bands/total power of PSDs (e.g., 
Fig. 1c) under running and sleeping conditions for two 
subjects. For the running condition (Fig. 2a), the spectral 
power values of the PSDs were larger in the ULF and VLF 

bands than in the LF and HF bands for both subjects. For 
the sleeping condition (Fig. 2b), the spectral power values 
of PSDs in the ULF and VLF bands were at almost same 
level as those in the LF and HF bands.

Segment time series analysis

To investigate temporal variations in periodic struc-
tures of R-R intervals in detail, segment time series 
analyses were performed for time series data of the heart 
rate (HR) in beats/min, which were obtained from for the 
subjects in both running and sleeping conditions. The 
segment analysis shows that all the time series data (e.g., 
Fig. 1b) were divided into a subseries of 75, with each 
segment having a time range of 15 min and the beginning 
of the range delayed 1 min. The PSD was then calculated 
for each segment. The 95 PSDs thus obtained were 
arranged in the order of time sequences to construct a 

Heart rate variability during marathon running

Fig. 2　 Changes in spectral power of the R-R time series in specific 
frequency bands for two subjects. (a) Running condition. (b) 
Sleeping condition. ULF, ultra-low frequency; VLF, very-low 
frequency; LF, low frequency; HF, high frequency.
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three-dimensional (3D) spectral array, as shown in Figure 
3 for subject-1 in the running and sleeping conditions.

For the running condition (Fig. 3a), dominant spectral 
lines at f = approximately 0.005 Hz (300 s), which is close 
to the fixed pace of running (255 s), are clearly observed 

as a fine array over the entire time range. The dominant 
spectral lines are not observed for the sleeping condi-
tion (Fig. 3b). These behaviors of the 3D spectral arrays 
for running and sleeping conditions were observed for 
subject-2 as well.

Fig. 3　 Segment analysis for time series data of the heart rate shown in Figure 1. (a) Three-dimensional (3D) spectral 
array under the condition of running. (b) 3D spectral array under the condition of sleeping.
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DISCUSSION AND COUCLUSION

The important result obtained in this study is that 
the spectral power values of the time series data of R-R 
intervals in the ULF and VLF bands during marathon 
running are larger than those in the LF and HF bands (Fig. 
2). This finding is supported by Serrador, Finlayson, & 
Hughson 15), who reported that the spectral power values 
of the ULF and VLF regions for R-R intervals during 
walking are larger than those of the LF and HF regions. 
Otsuka 16) reported that the power values of the ULF 
and VLF regions decrease as the severity of the cardio-
vascular disease increases. Thus, from the clinical point 
of view, analysis of not only the LF and HF regions but 
also the ULF and VLF regions is an important prognostic 
indicator of survival 16). The increasing power values in 
the ULF and VLF regions may be related to hormonal 
(angiotensin) regulation 17) and/or thermoregulation 18,19). 
Obviously, our understanding of the mechanism involved 
is still limited 8).

In the 3D spectral array of the time series data for the 
heart rate in the running condition (Fig. 3a), we confirmed 
that a distinct spectral array at a frequency around 0.005 
Hz, corresponding to 300 s, is close to the fixed pace of 
running (255 s/km) and does not reflect a control signal, 
such as a treadmill speed command. The mechanism of 
the heart rate cycle of about 300 s may be related to the 
dominant power in the ULF and VLF regions of R-R inter-
vals (Fig. 2). Another study is required for its clarification. 

By linking our method of time series analysis with a 
running watch, runners will be able to utilize the results 
of this analysis in real time. Construction of this system 
is a future task.

LIMITATIONS

The study should be replicated using a larger sample 
size to ensure that the spectral power values for the RR 
interval in the ULF and VLF bands are larger than those 
in the LF and HF bands during the running condition. In 
addition, we need to change the pace, distance, and dura-
tion of running and observe temporal changes in ULF 
and VLF regions in more detail if we aim to establish a 
new exercise intensity index for running. Further work is 
needed to investigate any differences in results between 
male and female runners. Having this knowledge could 
make it possible to plan an appropriate amount of training 

in line with the purpose of the individual’s training, 
thereby preventing overtraining and allowing to last for 
a long time. Thus, establishing a new exercise intensity 
index related to running could be useful not only to 
athletes aiming to improve their competition skills, but 
to people who exercise simply to maintain and improve 
their health.
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