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Abstract: Background: Heart rate variability (HRV) is widely used in professional soccer players as a
tool to assess individual response to training load. Different devices and methods are available for
HRV assessment. The relationship between HRV and competitive soccer matches performance is
not documented. Methods: We monitored HRV in professional soccer players throughout a game
season. Measurements were performed with a portable lightweight device in weekly 5 min sessions
from which we obtained the value of the square root of the mean squared differences of successive
beat-to-beat intervals (rMSSD). Game parameters of run and velocity were collected. Results: Twentyseven players were monitored with a total of 121 observations. The rMSSD significantly related
with the total distance covered (p = 0.036) and with the distance covered running at >15 km/h
(p = 0.039) during soccer games. Conclusions: HRV was associated with competition performance in
professional soccer players.
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1. Introduction
Heart rate and its variations are directly controlled by the autonomic nervous system
(ANS). Sympathetic and parasympathetic activity regulates baseline heart rate and the
differences between subsequent beats. Differences in beat-to-beat intervals may be detected
and quantified with the measurement of heart rate variability (HRV) [1]. Thus, HRV reflects
cardiac autonomic regulation and provides accurate evaluation of functioning and balance
of the ANS.
One of the first clinical applications of HRV was, 30 years ago, the non-invasive
risk stratification after acute myocardial infarction, based on the evidence that depressed
HRV was a predictor of mortality and arrhythmic complications [2,3]. In the 1990s, HRV
was also used as an assessment of diabetic neuropathy, as early subclinical autonomic
dysfunction could be detected by HRV measurement [4,5]. At present, cardiology and
diabetology rely on different kinds of tests but HRV is widely used in sport physiology.
In practice, HRV represents a tool for the monitoring of individual response to physical exercise in sport medicine and finds large application in professional athletes [6].
Applications of HRV include the assessment of individual response to physical exercise
(adaptation/maladaptation), evaluation of training efficacy, evaluation of recovery after
activities and rest periods and programming of training and target workload [7]. A role
of HRV in the prevention of muscle injuries has been proposed for its capacity to identify
overtraining conditions. In this setting, HRV is used to monitor training loads and guide
coaches to individually prescribe training sessions and rest periods [8].
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Soccer is one of the major fields of application for HRV. Previous studies which
have specifically targeted professional soccer players have shown that HRV discriminates
athlete’s level, reflects adaptation to training and matches and may be used to guide
physical exercise [9–14].
The relationship between HRV in professional soccer players and individual performance during competitive matches is yet to be investigated.
1.1. HRV Analysis
HRV can be assessed using a number of methods [1]. The simplest method to perform
are the time domain measures, in which either the instantaneous heart rate at any point
in time or the intervals between consecutive QRS complexes (normal-to-normal, NN) are
analysed. The most frequently used time domain parameters are:
-

Standard deviation of all NN intervals (SDNN),
Standard deviation of the averages of NN intervals in all 5 min segments of the entire
recording (SDANN) and
Square root of the mean of the sum of the squares of differences between adjacent NN
intervals (rMSSD).
The complete formula for rMSSD is:
s

∑iN=−1 1 ( RRi − RRi+1 )
N − 1

2

(1)

where RR represents the interval between two subsequent QRS complexes.
The other possible methods to assess HRV are the frequency domain, which uses a
power spectral density analysis of tachogram (with nonparametric or parametric methods),
and nonlinear dynamics, which uses different and complex analyses, including Poincarè
sections, low-dimensions attractor plots and singular value decomposition. However, the
application of nonlinear techniques to biomedical data is actually very limited as standards
are lacking, and the full scope of these methods cannot be assessed [1]. Over decades of
investigations, a number of new methodologies have been proposed and tested but their
success has been rather limited [15].
The most commonly used HRV parameter in sport physiology is rMSSD or its natural
logarithm as it is the method with the most solid evidence from literature and offers the
advantages of ease of use and interpretation [10,11,13,14].
1.2. Devices
The practical assessment of HRV relies on ECG recording over time. For decades,
12-lead ECG-Holter monitoring was the preferred source of data. Commonly available
software for ECG-Holter analysis provide an automated analysis of time domain and frequency domain parameters. Furthermore, standard devices for arrhythmia detection, such
as external loop recorders, mobile cardiac telemetry and patch/vest/belt recorders, can
easily provide HRV analyses [16]. The only requirement for these devices is that they allow
continuous monitoring and not a simple registration of “spot” alarm events. With progressive technologic advancement and growing interest, several novel devices specifically
focused on HRV have now become available, and 12-, 3- or single-lead ECG recordings
can be obtained with these dedicated portable devices. Furthermore, because of the strict
association between electrical and contractile function in physiological condition, for the
purpose of HRV analysis, photoplethysmography reflects cardiac activity as well as electrocardiography. Therefore, fingertip devices with photo diode sensors for blood flow are
reliable [17]. Wearable wrist bands providing continuous monitoring are also available [18].
One of the latest novelties is a wearable ring with a photoplethysmogram, which integrates
daily physical activity and nocturnal cardiovascular measurements, assessing heart rate
and HRV [19]. On the same basis of plethysmography reliability, smartwatches are effec-
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tive in HRV assessment as well as single-lead recordings [20]. Theoretically, commonly
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Figure 1. The Bittium FarosTM device.

Figure 1. The Bittium FarosTM device.
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SDNN and rMSSD [22]. In professional soccer players, 5 min or 10 min registrations are
the preferred source of data for HRV analysis [9,11,13,14].
The present study aimed to evaluate the relationship between HRV assessed with the
Bittium FarosTM device and match performance in a cohort of professional soccer players.
2. Methods
Professional soccer players from one team of the Italian first national league, Serie A,
were monitored throughout a period of one season. We performed weekly sessions of HRV
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monitoring at the time of the beginning of training session. We also collected data of player
individual performance during competitive matches.
The purpose of the empirical analysis was to investigate whether or not the individual
level of rMSSD was associated to the performance variables.
2.1. HRV Recordings
HRV was recorded in sessions of 6 min (the first minute of recording was discarded
in order to eliminate possible artifacts and the 5 consecutive minutes were used for the
analysis). Recordings were obtained once per week, 2 days before the weekly match.
Usually, the match day was on Sunday and the recordings were performed on Friday,
while Wednesday was the only day in which training sessions were doubled (morning
and afternoon). In the case of a different match day, ECG recordings were always obtained
2 days before the match.
ECG recordings were obtained in the morning, after breakfast and immediately before
the start of the training session. Players were asked to remain silent, seated and at rest in
a quiet room without any source of distraction. Players were not allowed to use mobile
phones during the recordings.
Recordings were obtained with the Bittium FarosTM 180 and Bittium FarosTM 360 devices (Figure 1). Analyses of ECG traces were performed by one physician immediately
after the recordings to obtain HRV values. Analyses were made with the software Kubios
HRV Premium 3.0.2 (Kubios Oy, Finland).
2.2. Questionnaire
A simple two-item questionnaire was administered weekly at the time of HRV measurement. The questions were:
(1)
(2)

“How sleepy do you feel?”
“How tired do you feel?”

Athletes were asked to answer each of these questions with a score ranging from 1 to
5, where 1 meant they felt the worst (maximum sleepiness and maximum tiredness) and 5
meant they feel the best (total absence of sleepiness and tiredness).
2.3. Competition Performance
Data regarding competitive matches were collected. For every game played in Italian
Serie A, an individual report was officially released by competition organization. In
particular, for every player involved in a single match, the available data were the time of
game (minutes), total distance covered during game (meters), distance in sprint >25 km/h
(meters), distance in high-speed run 20–25 km/h (meters), distance in run 15–20 km/h
(meters), distance in jog 6–15 km/h (meters), distance in walk 1–6 km/h (meters), distance
in standing 0–1 km/h (meters), number of sprints >25 km/h (number), high-intensity
activities >15 km/h (number), high-intensity distance >15 km/h (meters), distance per
minute (meters/minute), high-intensity activity >15 km/h per minute (number/minute)
and ratio between high- and low-intensity activity (ratio).
2.4. Statistical Analysis
Baseline data were indicated as mean ± standard deviation in the case of continuous
variables and as number and percentage in the case of categorical variables.
Person’s r correlation was calculated to measure the association between continuous
variables (HRV parameters and questionnaire results).
To relate HRV with performance, we estimated the following model:
Yit = α + βRMit + δi + τt + ε it

(2)

where Yit was our measure of performance: distance covered (at different run velocities)
for individual i at game t. α was the intercept, which corresponded to the expected value
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of Y when X was 0. RMit was the rMSSD recorded for each individual i before game t,
and β was our main parameter of interest. In order to exploit the longitudinal nature of
our dataset, we included individual-level fixed effects δi , which captured time-invariant
personal characteristics of individuals, such as height, age, mass, etc. We also included
game-fixed effects τt , which accounted for unobserved heterogeneity that varied from
game to game but was constant across players, such as the weather during the game, rival
teams differences, being home or away and so on. The relationship was therefore studied
by means of the Ordinary Least Squares (OLS) method with the fixed-effects method.
To exclude potential confounding factors, we did not include players with less than
45 min of game time and with less than 9 matches played in the analysis.
Statistical analysis was made with Stata 16.1 (StataCorp).
3. Results
During the study period, 27 players were monitored. They were all professional soccer
players of the same team, belonging to the first national league of Italy (Serie A).
The mean age was 26.4 years (range 20–36, standard deviation 4.8 years). The mean
height was 185.2 ± 7.7 cm and mean weight was 76.5 ± 8.3 kg (Table 1).
Table 1. Baseline characteristics. Data are presented as mean ± standard deviation. Study population,
n = 27. The root of the mean squared differences of successive beat-to-beat intervals (rMSSD) was
calculated in 121 observations.
Variable

Study Population
(n = 27)

Age (years)
Height (cm)
Weight (kg)
rMSSD (ms) (observations = 121)

26.4 ± 4.8
185.2 ± 7.7
76.5 ± 8.3
63.9 ± 40.4

The Bittium FarosTM devices were reliable and easy to use. Any device malfunction
was reported. ECG recordings had good quality without artifacts. HRV parameters were
quickly available after an analysis requiring few minutes.
Competition data were available for 20 matches during study period. Competition
performance parameter that matched with same-week HRV measurements were available
for 14 games. The analysed sample was composed of 10 players that played for at least
45 min in at least 9 games out of 14 total games. Overall, the dataset with which the
analyses were conducted represented unbalanced panel data, with 121 individual-game
observations.
Heart rate data are graphed in Figure 2, while rMSSD data are graphed in Figure 3.
Results of the questionnaire about individual perception of sleepiness and tiredness
were compared with rMSSD values, showing a low correlation. The r coefficient was −0.14
for sleepiness and 0.12 for tiredness, respectively.
Sport performance data during games are summarized in Table 2.
Table 2. Match reports. Distances are expressed in meters. Distance per minute is expressed in
meters/minute. Values are expressed as mean ± standard deviation.
Variable

Value
(Observations = 121)

Total distance
Distance in sprint (>25 km/h)
Distance in high speed running (20–25 km/h)
Distance in run (15–20 km/h)
Distance in high intensity (>15 km/h)
Distance per minute (m/min)
Ratio high/low intensity

10345.2 ± 1563.9
270.8 ±133.7
603.6 ± 189.9
1477.5 ± 363.4
2352.3 ± 611.8
116.4 ± 7.9
0.3 ± 0.1
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Table 3. Correlation between rMSSD and match performance. Fixed effects Ordinary Least
Squares (OLS) regression results. Time dummies were included in the estimates but not reported.
Observations = 121.
Variable

OLS

p

Total distance
Distance in sprint (>25 km/h)
Distance in high speed running (20–25
km/h)
Distance in run (15–20 km/h)
Distance in high intensity (>15 km/h)
Distance per minute (m/min)
Ratio high/low intensity

11.529
−0.158

0.036
0.535

0.681

0.093

1.576
2.075
−0.022
−0.000

0.073
0.039
0.115
0.142

4. Discussion
Our results show that HRV assessed with a portable device relates with competition
performance in professional soccer players. In detail, rMSSD measured 2 days before the
match showed an association with the total distance covered during the game and the
distance covered in high-intensity run (>15 km/h). To the best of our knowledge, this is the
first study showing a relationship between rMSSD and competitive performance during a
game in soccer players.
Our findings lead to several potential applications. For example, rMSSD could help to
assess if a player is in good or bad physical state in a particular moment. In this setting,
rMSSD could also predict if the athlete will do a good physical performance or not. Previous
studies have shown the utility of HRV to evaluate overtraining and its practical application
in scheduling the training loads [7,8]. Our kind of approach could also be useful to identify
conditions of overtraining that are at higher risk for muscle injuries and lead to preventive
interventions, such as light training loads or rest waiting to recover.
When we considered the distances covered at different speeds, we found that the
relationship with rMSSD was not homogeneous. This result should not be surprising.
In a setting of a competitive match in a sport like soccer, the speed of run may vary
depending on different match conditions, such as the setting of the game (home/away),
opponents, partial result, tactics, weather and moment of the season. In our cohort,
statistical significance was reached for total distance (p = 0.036) and distance at a speed
>15 km/h (p = 0.039). Distances at 15–20 km/h and 20–25 km/h were not significantly
related with rMSSD but presented a p < 0.1. We can conclude that, considering our result,
there is an evident relationship between rMSSD and run performance.
The device that was used in this analysis was effective and functional. There were
no malfunctions in the recordings of ECG traces. We found that HRV assessment in this
setting and with this device was reliable. Thank to this device, we can overcome the
limitation of the 12-lead ECG, which involves recording times that are too short. We can
also overcome the limitation of ECG-Holter monitoring, which is much more invasive in
terms of preparation and time of recording. In a setting of professional soccer players, we
needed to obtain reliable data with the least invasive method possible. With monitoring
sessions of few minutes, there was no impact on physical exercise or rest quality, and
the athletes were totally compliant. Considering the plenty of devices available for HRV
analysis and the lack of studies comparing different kind of devices, at the present, no
conclusions can be drawn as to whether one device is better than another. For example,
devices based on photoplethysmography have been proven equally accurate to those based
on ECG monitoring and represent a potential alternative [17–19]. Further studies in the
setting of competitive sports could assess possible discrepancies. However, based on the
currently available literature, significant differences are unlikely.
rMSSD values presented interindividual variability, as shown in Figure 3. This finding
is not surprising as the difference between subjects is well known. For a correct interpretation of HRV, one single index in a specific moment has limited value, its variation over
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time for a single individual according to his personal range is more important. This result
confirms that a systematic approach to HRV should rely on measures repeated over time.
We administered a questionnaire at the time of HRV assessment to explore a possible
relationship between subjective well-being and rMSSD. The resulting relationship was
minimal, if not absent. On this basis, we can affirm that, in such a population, individual
subjective perception does not relate with their objectively documented physical state. This
evidence further strengthens the role of HRV assessment, which is clearly objective.
5. Limitations
The only HRV parameter that we considered for our analysis was rMSSD. Several
other different parameters are available, for example standard deviation of all NN intervals
(SDNN) and standard deviation of the averages of NN intervals in all 5-minute segments of
the entire recording (SDANN), and their roles in this kind of setting have not been explored.
However, in sport physiology, rMSSD (or its natural logarithm) is the most used parameter
and the one with the most literature data. Further studies could investigate the other HRV
parameters and evaluate whether or not they relate with competitive sport performance.
Our sample size was small, with a total of 121 observations. However, these numbers
are consistent with a setting of professional soccer team, are similar to those of other sport
physiology studies and, above all, are sufficient to show statistical significance.
An important limitation of this study that requires further research is the lack of an
appropriate investigation of the causal relation between rMSSD and performance. Further
research should account more precisely for unobserved heterogeneity and omitted variables
bias, which goes beyond the time-invariant and cross-unit heterogeneity that we controlled
with our methodological framework.
6. Conclusions
In a setting of professional soccer players, rMSSD measured 2 days before the weekly
game predicted physical competitive performance and was related to the total distance
and distance of high-intensity running covered during the game.
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