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Abstract

Background: Heavy physical and mental loads are typical for professional soccer players during the competitive season.
COVID-19 lockdowns had recently forced competitions to be interrupted and later disputed in a shrunken calendar. Wearable
sensors and mobile phones could be potentially useful in monitoring players’ training load in such highly demanding
environments.

Objective: The aim of this study was to explore whether remote heart rate variability (HRV) monitoring and self-reported
wellness of professional soccer players could be useful to monitor players’ internal training load and to estimate their
performance during the continuation of the 2020 season after the COVID-19 lockdown in Spain.

Methods: A total of 21 professional soccer players participated in a 6-week study. Participants used an Android or iOS-based
smartphone and a Polar H10 wearable ECG monitor for the duration of the study. Every morning they recorded their HRV and
answered a questionnaire about their perceived recovery, muscle soreness, stress and sleep satisfaction. Smallest worthwhile
change (SWC) and coefficient of variation (CV) were calculated for the logarithm of the root mean square of the successives
differences (LnRMSSD) of the HRV. Players’ in-game performance was evaluated subjectively by independent observers and
classified as high, normal and low. In order to find which variables could be potentially linked to performance, we studied their
correlation and tested for significant differences among distributions. We also trained random forest models with cross-validation
and bootstrapping to find the wellness and HRV features with best predictive ability for performance.

Results: We found the usability of Readiness Soccer in a real scenario to be very good, with 81.36 points in the System Usability
Scale. A total of 241 measurements of HRV and self-reported wellness were recorded. For a entire training microcycle (ie, time
in between matches), self-reported high recovery (Mann-Whitney U, P=.003), low muscle soreness (P=.002), high sleep
satisfaction (P=.02), low stress (Anderson-Darling, P=.03), and not needing more than 30 minutes to sleep since going to bed
(Chi-Squared, P=.02), were found significant to differentiate high from normal match performance. Performance estimation
models achieved the highest accuracy (73.4%) when combining self-reported wellness and HRV features.

Conclusions: HRV and self-reported wellness data were useful to monitor the evolution of professional soccer players’ internal
load and to predict match performance levels out of measures in a training microcycle. Despite the limitations, these findings
highlight opportunities for long-term monitoring of soccer players during the competitive season as well as real-time
interventions aimed at early management of overtraining and boosting individual performance.
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Monitoring Internal Load with a Mobile App
in  Professional  Soccer  Players  after  the
COVID-19  Lockdown  (Readiness  Soccer):
Observational Study
Abstract
Background: Heavy physical and mental loads are typical for professional soccer players during the
competitive season. COVID-19 lockdowns had recently forced competitions to be interrupted and
later  disputed in  a  shrunken calendar.  Wearable sensors and mobile  phones could be potentially
useful in monitoring players’ training load in such highly demanding environments.
Objective:  The  aim  of  this  study  was  to  explore  whether  remote  heart  rate  variability  (HRV)
monitoring  and self-reported  wellness  of  professional  soccer  players  could be useful  to  monitor
players’ internal training load and to estimate their performance during the continuation of the 2020
season after the COVID-19 lockdown in Spain.
Methods: A total of 21 professional soccer players participated in a 6-week study. Participants used
an Android or iOS-based smartphone and a Polar H10 wearable ECG monitor for the duration of the
study. Every morning they recorded their HRV and answered a questionnaire about their perceived
recovery,  muscle  soreness,  stress and sleep satisfaction.  Smallest  worthwhile change (SWC) and
coefficient  of  variation  (CV)  were  calculated  for  the  logarithm of  the  root  mean  square  of  the
successives  differences  (LnRMSSD)  of  the  HRV.  Players’ in-game  performance  was  evaluated
subjectively by independent observers and classified as high, normal and low. In order to find which
variables  could be potentially  linked to  performance,  we studied their  correlation and tested for
significant  differences  among  distributions.  We  also  trained  random  forest  models  with  cross-
validation and bootstrapping to find the wellness and HRV features with best predictive ability for
performance.
Results: We found the usability of Readiness Soccer in a real scenario to be very good, with 81.36
points in the System Usability Scale. A total of 241 measurements of HRV and self-reported wellness
were recorded. For a entire training microcycle (ie, time in between matches), self-reported high
recovery (Mann-Whitney U, P=.003), low muscle soreness (P=.002), high sleep satisfaction (P=.02),
low stress (Anderson-Darling, P=.03), and not needing more than 30 minutes to sleep since going to
bed  (Chi-Squared,  P=.02),  were  found  significant  to  differentiate  high  from  normal  match
performance.  Performance  estimation  models  achieved  the  highest  accuracy  (73.4%)  when
combining self-reported wellness and HRV features. 
Conclusions:  HRV  and  self-reported  wellness  data  were  useful  to  monitor  the  evolution  of
professional soccer players’ internal load and to predict match performance levels out of measures in
a training microcycle. Despite the limitations, these findings highlight opportunities for long-term
monitoring of soccer players during the competitive season as well as real-time interventions aimed
at early management of overtraining and boosting individual performance.
Keywords:  mHealth; mobile health;  digital health;  eHealth; soccer; app; internal load; heart  rate
variability; wellness; performance; covid-19

Introduction
The  highly  demanding  environment  of  professional  soccer  competitions  has  recently  joined  the
uncertainty of the new coronavirus disease (COVID-19) pandemic. This situation has forced players
into lockdowns, causing national and international tournaments to be interrupted and delayed during
the  2020 season. Resuming  competition  with  a  shrunken  schedule  hampered  the  preparation  of
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players [1], leading to lower physical performance [2]  and increased mental stress [3] in the season
continuation after the COVID-19 lockdown. In order to minimize overtraining and injury risks in
such a period, soccer players need the best individual assessment of their health.
Monitoring training load is of great interest to the medical services of soccer teams looking forward
to preventing increased levels of fatigue and higher risks of illness and injury [4]. Load measures can
be categorized  as  internal  or  external  [5],  depending on whether  such measures  refer  to  aspects
occurring  internally  or  externally  to  the  player.  The  external  load  is  monitored  as  objective
comparable  measures  of  the  exercise  done  [5],  such  as  overall  distances,  training  and  match
participation, accelerations and decelerations, impacts and metabolic power [6]. However, external
load measures of the exercise done do not consider the internal processes of training assimilation [7].
The internal load is the individual and relative physiological and psychological stress felt by soccer
players as a result of the training and competitive sessions and the rest of demands present in their
daily lives [5,8].

A recent systematic review [6] gathered the most common methods to measure external and internal
load,  finding heart rate analysis and questionnaires as the two most used measures of internal load.
On the one hand, wellness questionnaires as the Hooper Index [9] have been proven to be useful to
measure internal load by taking into account stress, fatigue, sleep quality and muscle soreness after
training. In fact, the Hooper Index has been associated with external training load [10,11], fatigue [12,13]
and heart rate variability [14] (HRV) in soccer players. On the other hand, the subjective nature of the
Hooper Index may be complemented with the physiological approach of HRV monitoring to monitor
internal  load  [14,15].  HRV monitoring  is  known  to  be  a  reliable  tool  to  measure  physiological
indicators of stress and recovery against variations of the external load in athletes [15,16]. Moreover,
HRV has been found to be a significant parameter to relate internal load with external load [17]. Both
HRV [16]  and  external  training  load  indicators  [18,19]  have  shown a  relationship  with  match-day
performance, even beyond linearity by leveraging data mining techniques [20]. 

Objective measurements of external and internal training load are specially needed during lockdown
and  intensive  competition  periods  in  order  to  avoid  injuries  and  maintain  performance.  Such
objective measurements should be quick and reliable to be used in practical sport settings. To the best
of our knowledge there are no available solutions to monitor internal load and HRV to objectively
monitor the recovery processes of professional soccer players. In light of this opportunity, we present
the  smartphone  app  Readiness  Soccer,  a  novel  approach  to  internal  load  assessment  in  soccer
players.  In combination with a Bluetooth wearable ECG sensor,  Readiness Soccer collects  daily
measures of short HRV and self-reported wellness with questions regarding sleep, stress, fatigue and
muscle soreness to assess internal load. 

The aim of this study was to explore whether remote HRV monitoring and self-reported wellness of
professional  soccer  players  could  be  useful  to  monitor  internal  load,  especially  during  a  very
challenging scenario such as the season continuation after the first COVID-19 lockdown. First, we
evaluated the feasibility of using the Readiness Soccer app in a real scenario during competition.
Next, we explored the relationship of match performance with HRV parameters and self-reported
wellness. For this exploration, we first described the HRV and self-reported measures gathered, then
we studied if there were significant differences among performance levels and the measures in a
training microcycle, and, finally, we estimated match-day performance out of the same measures
while studying the relevance of the features selected.
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Methods

Participants
The selected participants were 21 male professional soccer players (age: mean 26.7, std 4.2; height:
mean 182.4 cm, std 5.0; weight: mean 74.3 kg, std 5.0). Participants were provided with a Polar H10
ECG monitor (Polar Electro Ltd.)  and with the Readiness Soccer app, installed in their  personal
smartphones. A total number of 241 measurements were recorded during the competition period. All
participants provided their voluntary written informed consent, and the study conformed with the
Declaration of Helsinki [21]. 

Design

To give response to the aim of the study we used a prospective observational cohort study. All of the
241 measurements were obtained during 6 weeks (10 matches), in the resume of the 2020 season
after  the  COVID-19  lockdown.  Participants  were  instructed  to  measure  their  HRV and  answer
wellness questionnaires with the app Readiness Soccer every day in the morning at home, between 8
and 11 am to avoid influences of circadian rhythm. Measurements started 8 days before the first
match to obtain solid HRV baselines. The individual match performance of players was evaluated
throughout the entire study period.

Readiness Soccer

Readiness  Soccer  is  a  cross-platform  (Android  and  iOS)  smartphone  app  that  is  designed  and
developed to provide an ubiquitous, simple and intuitive interface for daily recordings of HRV and
self-reported wellness in professional  soccer  players.  Players  are  able  to  use this  app right  after
waking up and from their homes, only needing access to a Bluetooth wearable ECG that is paired to
Readiness Soccer. The storage of data is supported by a centralized secure server. An overview of the
system supporting the data collection can be found in Figure 1.

Figure 1: Top level view of the system. 
Screenshots of the main views in Readiness Soccer are shown in Figure 2. First, the app welcomes
the user showing the app icon while loading (Figure 2.a) and then presents a welcome message,
giving  the  options  to  Start the  measurement  protocol  through the  Start button,  or  to  check  the
Instructions on how to do so (Figure 2.b). Next, if the Bluetooth ECG monitor is connected, the app
allows the user to start recording HRV with the Play button (Figure 2.c). Finally, the user is given
each question defined for the self-reported wellness (see sleep satisfaction question in Figure 2.d).
After  recording  HRV and  self-reported  wellness,  the  app  confirms  to  the  player  the  successful
recording of data in a similar view as the welcome message in Figure 2.b. The specific requirements
to monitor HRV and self-reported wellness are thoroughly described in their own sections ahead. 
Since  the  purpose  of  this  study  was  observational,  the  app  provided  no  feedback  beyond  the
confirmations of data being correctly recorded and sent to the secure server. Regarding data security
and  privacy,  data  were  gathered  and  stored  meeting  the  European  General  Data  Protection
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Regulation  (GDPR).  All  online  communications  were  secured  via  HTTPS  connections  with
SSL/TLS encryption. The app was developed using Flutter (Google LLC) to enable cross-platform
availability in both Android and iOS devices. 

a) Loading screen   b) Welcome view c) HRV d) Sleep quality 
Figure 2: Readiness Soccer mobile app. 

 

Self-Reported Wellness

We  used  a  modification  of  the  Hooper  Index  Questionnaire  [14]  to  measure  perceived  sleep
satisfaction, recovery, stress and muscle soreness levels. Each of these items was reported using 0-10
Likert scales with the Readiness Soccer app. All wellness factors were asked using a similar view as
the  sleep  quality  questionnaire  shown  in  Figure  2.d. Besides  the  slider,  the  sleep  quality
questionnaire also contained three yes/no (True/False) insomnia-related questions: (1) Was I awake
between 2.00 and 3.00 AM last night trying to sleep?; (2) Did it take more than 30 minutes to sleep
since I got in bed?; and (3) Did I sleep at least between 7 and 8 hours?

Likert  scales  were  labelled  with  two  positive  and  two  negative  oriented  stamps,  all  of  them
depending on the question asked, but following the same left-to-right scheme of very, very positive;
positive; negative; and very, very negative. Hence, the sleep satisfaction scale was labelled as very,
very good; good; bad; and very, very bad. The stress scale was labelled as very, very low; low; high;
and very, very high. The recovery scale was labelled as  very, very high; high; low; and very, very
low. The muscle soreness scale was labelled as very, very low; low; high; and very, very high.
In order to ensure that the directions to these answers were given correctly, sliders were made color-
responsive to the choice selected, associating green to a positive answer (eg, high sleep satisfaction,
as shown in Figure 2.d) and red to a negative one (eg, high muscle soreness), both in a continuous
gradient passing through yellow in the mid values. Moreover, the initial position of the slider was
randomized for every question to mitigate anchoring or learning effects in the responses [22].
Participants were required to actively answer every item in the questionnaire before advancing to the
next question. This was done by enabling the  Next button only once the participant had actively
selected a score on the slider. 
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HRV Monitoring

Participants used the chest-strapped Polar H10 ECG monitor (Polar Electro Ltd.) for HRV recording
connected to the Readiness Soccer app via Bluetooth (Figure 2.c). Players were instructed to gather
their measurements in the morning between 8 and 11 am, after emptying the bladder, and before
starting the day (eg, drinking coffee, having breakfast, checking the phone) [23]. 
The root mean square of the successive differences (RMSSD) between consecutive R-R intervals is
the most accepted and reliable resting HRV-related parameter to measure the adaptation of an athlete
in response to training [15,16,24]. HRV measurements consisted of 7 minutes of R-R intervals. Outliers
and ectopic beats of HRV signal were replaced with linear interpolation [25,26]. We removed the first
and last minute of the recording, using the 5 minutes in the middle of the R-R signal for short term
HRV analysis [27]. We extracted the daily logarithm of the RMSSD (LnRMSSD) for every recording.
We computed the smallest worthwhile change (SWC) [28] and the coefficient of variation (CV) [29] of
the LnRMSSD. Both SWC and CV used a minimum 5-days-length and a maximum 7-days-length
rolling window to establish a baseline for LnRMSSD comparison [30]. We used a normalized version
of  the  LnRMSSD  that  refers  to  the  magnitude  of  change  in  LnRMSSD  in  a  continuous  and
comparable  manner  for  every  player  at  the  moment  of  the  recording,  as  well  as  the  SWC, but
opposed to the True or False possible values. Therefore, hereon we refer to this variable as SWCnorm.
CV and SWCnorm were the continuous HRV features defined for each player as:

CV =100 ·
LnRMSSDrolling std

LnRMSSDrollingmean
(1)

SWCnorm=
LnRMSSD− LnRMSSDrollingmean

LnRMSSDrolling std
(2)

where LnRMSSDrolling mean and LnRMSSDrolling std are the mean and standard deviation computed for
the available LnRMSSD of the previous days.
We also defined two categorical (True/False) features according to already available thresholds and
criteria in the literature for the CV and the SWC [23]: CVok and SWCok. CVok was  True if CV was
below 4.5%; otherwise was False.  SWCok was  False if the LnRMSSD fell below the lower SWC
interval. The lower SWC threshold was defined as:

SWC lower th=LnRMSSDrolling mean −0.5 ⋅LnRMSSDrolling std (3)

Performance
Performance  evaluations  were  gathered  during  match  days.  The  assessment  was  done by  three
independent  sport  experts  for  each  player.  Each  expert  labelled  individual  performance  as  low,
normal or high, based on the impressions of in-match technical-tactic performance of players. Then,
a  unique value  was assigned for  the player  after  reaching an  agreement.  Performance was only
evaluated if the player played a minimum of 45 minutes during the match according to the experts
criteria, if not, it was labelled as rest. 

In order to reflect the impact of the training sessions leading to a match,  all measurements in a
training microcycle were labelled with the performance of each individual. Considering any match
day during the competitive season (MDn), where  n is the number of the match played, a training
microcycle started a day after the previous match (MDn−1+1) and ended the day the match was played
(MDn), that is, {MDn−1+1, MDn−1+2 , …, MDn−1, MDn}. The start of the first training microcycle was
set three days before the first match day (MD1),  making it  as similar as possible to the average
duration of the rest of training microcycles.

Usability

To evaluate the feasibility of using the Readiness Soccer app in a real scenario during competition,
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we assessed its usability at the end of the study with the System Usability Scale (SUS) [ 31]. The SUS
is a quick and reliable method that has been tested on a wide variety of systems in research and
industry [32]. This scale is a 10-item questionnaire that gives a global view of subjective assessments
of usability in which every item can be scored from 1, strongly agree, to 5, strongly disagree. The
SUS questions are the following:

Q1.I think that I would like to use this system frequently.
Q2.I found the system unnecessarily complex.
Q3.I thought the system was easy to use.
Q4.I think that I would need the support of a technical person to be able to use this system.
Q5.I found the various functions in this system were well integrated.
Q6.I thought there was too much inconsistency in this system.
Q7.I would imagine that most people would learn to use this system very quickly.
Q8.I found the system very cumbersome to use.
Q9.I felt very confident using the system.
Q10.I needed to learn a lot of things before I could get going with this system.

A total score can be computed out of the ten items, ranging from 0 to 100 (the higher the score, the
better  the  usability)  as  presented  in  [31]:  (1)  For  odd-numbered  items,  the  score  is  computed
subtracting 1 to the user response; (2) for even-numbered items, the score is computed subtracting
the user response to 5; and (3) all the scores obtained are added and multiplied by 2.5 to obtain the
overall SUS score. A minimum score of 68 points necessary to assume good usability [32].

Data Analysis
First, we described the measures with descriptive statistics with the aim of giving an overview of the
data collected. This description consisted of measure count and box plot distributions against time,
participants and match-day performance levels.
Next, we studied the relationship of performance with self-reported wellness and HRV measures. We
started computing bivariate correlations between each feature and performance in order to gain an
understanding of the strength and directionality of the linear relationship between each feature and
the  performance.  We  used  Spearman  correlation,  suitable  for  non-normal  distributions.  The
magnitude of the correlations was classified according to [33]: r ≤ 0.1, trivial; 0.1 < r ≤ 0.3, small; 0.3
< r ≤ 0.5, moderate; 0.5 < r ≤ 0.7, large; 0.7 < r ≤ 0.9, very large; r > 0.9, nearly perfect .

We  then  looked  for  significant  differences  among  performance  levels  against  each  one  of  the
variables collected. The tests used for continuous variables were the nonparametric  Kolmogorov-
Smirnoff  (KS),  Anderson-Darling  (AD) and  Mann-Whitney U  (MWU) [34,35], all suitable for non-
normal distributions. The purpose of using  these three tests was to reflect the differences among
distributions from different perspectives. KS computes differences in the cumulative distributions
functions of the distributions compared; its null hypothesis is that the samples are drawn from the
same distribution, and it is sensitive to differences in the median and the shape of the cumulative
distribution function of the distributions. AD is a modification of KS that gives more relevance to the
tails of the distributions and shares the same null  hypothesis as KS. MWU is the nonparametric
alternative to ANOVA with the null hypothesis that, for randomly selected values X and Y from two
distributions, the probability of X being greater than Y is equal to the probability of Y being greater
than  X.  For  categorical  variables,  we used  the  chi-squared (CS)  test  to  determine  if  there  is  a
significant difference between the frequencies in one or more categories of two distributions [36]. 

Finally, in order to explore beyond the univariate relationships between performance and the self-
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reported wellness and HRV features, we built a match performance estimation model. We defined the
estimation  of  performance  level  as  a  classification  problem  where  all  measures  in  a  training
microcycle were labelled with the performance value during the match in it {−1, 0, 1}, for  low,
normal, and high performance, respectively. We used stratified 10-fold cross-validation on the entire
dataset to build the match performance estimation model. 

For  the sake of interpretability,  we used random forests  with bootstrapping to train our models.
Decision tree models predict the value of a target variable by learning linear decision rules inferred
from the data  features,  using multiple  variables to  make the predictions.  Random forests  are  an
ensemble  of  decision  tree  classifiers  in  which  randomness  has  explicitly  been  inserted  into  the
building process of each decision tree. This is done by selecting different variables and bootstrapping
the dataset at the moment of building each one of the trees composing the random forest. These
mechanisms ensure low correlation between the different decision trees conforming the model, hence
making random forests robust to errors, outliers and overfitting [37]. Once the random forest model is
built, predictions are computed as the mode of the outputs delivered by every decision tree. 

The process of building an estimation model also served the purpose of studying the relevance of
each feature to estimate performance. In a random forest, feature importance represents the weight of
each feature across all decision trees when classifying, using in our case the  entropy criteria. We
analyzed the  weight  of  each  variable  across  different  selections  of  features  while  looking for  a
maximization of prediction accuracy.

Data were analyzed using Python (version 3.6.9); figures were plotted with Pandas (version 1.1.3) 38

and Seaborn (version 0.11.0)  39; statistical analysis were done with SciPy (version 1.5.3)  40; model
training was done with Scikit-learn (version 0.23.2) 41 .

Results

Usability

A total of 11 participants voluntarily completed the 10-item SUS usability survey at the end of the
study. Answers ranged 57.5 to 92.5, averaging an overall SUS score of 81.36 points. This score is
over the minimum threshold of 68 points necessary to assume good usability [32]. Only one of the
SUS measures scored below this minimum usability threshold. Overall SUS results are shown in
Figure 3.
Figure 4 shows an aggregation to each one of the ten SUS questions for all players. For the odd-
numbered questions, 7 players (64%) reported they would like to use Readiness Soccer frequently
(Q1);  all  players  thought  the  app was  easy  to  use  (Q3);  only  one  player  thought  the  functions
provided by the app were not well integrated (Q5); and 10 players (91%) conceived that most people
would learn to use Readiness Soccer easily (Q7) and felt very confident using it (Q9). For the even-
numbered questions, 10 players (91%) did not found Readiness Soccer unnecessarily complex (Q2)
neither thought they needed the support of a technical expert to use it (Q4); seven players (64%) did
not  found  there  was  too  much  inconsistency  in  the  app  (Q6);  and  none  of  the  players  found
Readiness Soccer cumbersome to use (Q8) neither considered they needed to learn a many things
before being able to use it (Q10).
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Figure 3: Overall SUS scores of Readiness Soccer. Individual scores are marked with dots; mean
score in a blue dashed line, and minimum usability threshold in red.

Figure 4: SUS answers aggregated by question. Darker green tones depict strong and mild
disagreement; lighter green and yellow tones represent mild and strong agreement.

Description of Data Collected

Figures 4 and 5 show the distribution of data collected across the study. Figure 5 shows how the
number of measures collected by day oscillated in time (mean 3.0, std 2.4), descending especially by
the end. Match days are indicated with vertical lines, hence depicting the training microcycles among
matches. The duration of training microcycles ranged from 72h to 144h (mode 72 h, mean 90.7 h, std
29.45) for the 10 matches. 
Figure 6 details the number of measures collected by each participant. Eleven players recorded less
than 10 measures and twelve recorded more or equal than 10. Some players (#13, #27, #28) only
recorded the  initial  measures  before  the  first  training  microcycle  (marked as  baseline).  For  rest
measures (those not  fulfilling the minimum time-played criteria),  although they were distributed
across all participants, they composed the majority of data for some of the players such as #4, #5, #9,
#18,  #19 and #32.  Low performance measures  were  found only  in  two participants  (#12,  #17).

https://preprints.jmir.org/preprint/30728 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Moreno-Gutierrez et al

Normal and high measures were present in a more balanced distribution for the rest of participants,
appearing both simultaneously in eight participants (#6, #7, #8, #11, #17, #21, #22, #25).

Figure
5: Measure count by day. Match days are labelled with blue vertical lines.

Figure 6: Measure count by player. Measures are stacked based on their labels for performance (low,
normal and high), resting (rest), or setting an HRV baseline at the beginning of the study (baseline).

Self-Reported Wellness

Out of the 241 measurements gathered, a subset of 105 measures recorded by 15 players (age: mean
27.7, std 4.0; height: mean 181.6 cm, std 5.2; weight: mean 74.7 kg, std 4.4) was selected for self-
reported wellness analysis. These measures matched the criteria of playing a minimum of 45 minutes
on a match day. All measurements in a training microcycle were labelled with the match performance
observed (high: 48; normal: 51; low: 6). The remaining 121 measures were from days before the first
training microcycle (baseline) and from players who did not fulfill the minimum time played criteria
(rest).
Figure 7 depicts the self-reported wellness measures for all participants and for the whole duration of
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the  study  in  boxplots  depending  on  performance.  All  measures  seemed  to  follow  an  intuitive
directionality (eg, the lower the stress or the muscle soreness, the higher the performance; or the
higher  the  recovery  or  the  sleep  satisfaction,  the  higher  the  performance).  Mean  stress  values
decreased in scoring with 4.00, 2.51 and 2.08 for low, normal and high performance, respectively;
for recovery, mean values increased in scoring with 5.33, 6.06 and 7.10 for the same performance
labels; for sleep satisfaction, it increased with values 5.00, 6.20 and 7.00; and for muscle soreness, it
decreased with values 4.17, 3.37 and 2.33.
Figure 8 shows the distributions of sleep quality categorical questions related to performance. The
profiles or True/False ratio for each variable can be drawn intuitively at sight. The question “were
you awake between 2 and 3 am last night trying to sleep?” kept regular ratios across all performance
levels (17%, 24% and 21% of True values in low, normal and high performance, respectively). The
question “did you sleep at least between 7 and 8 hours?” showed similar ratios for normal and high
performance with 67% and 71% of True values, respectively, whilst only holding a 33% for low
performance. The question “did it take more than 30 to sleep since you got in bed?” presented a
descending trend of ratios across performance levels, with 83%, 45% and 31% of True values for
low, normal and high performance.

Figure 7: Boxplots of continuous self-reported measures by performance for all players during the
complete study. Medians are marked with dashed red lines, means with green triangles.
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Figure 8: Value count of categorical sleep quality measures by performance for all players during the
complete study. True values are in blue and False values in orange.

HRV Monitoring

Out of the 105 measures selected for self-reported wellness, 71 measures recorded by 9 players (age:
mean 29.3, std 3.7; height: mean 181.6 cm, std 4.2; weight: mean 73.9 kg, std 2.7) were considered
valid for HRV analysis due to having a minimum amount of five recordings in the previous 7-days
period. Performance was also attached to these measures (high: 32; normal: 36; low: 3).
Figure 9 depicts the continuous HRV measures for all participants and for the whole duration of the
study. Both CV (means 7.24%, 4.76% and 4.99% for low, normal and high performance) and SWC
(means 1.17%, −0.22%, −0.46%) showed similar distributions for normal and high performance.
Further analysis for low performance is discarded due to a low amount of measures.
Figure  10 depicts  the  categorical  measures  collected  for  HRV. Both  CVok (True/False  ratio  0%,
44.4% and 53.1% for low, normal and high performance) and SWCok (True/False ratio 100%, 61.1%,
46.9%) showed apparently  different  distributions  depending  on the  performance level.  For  high
performance, a balanced proportion among the True and False responses are shown for both  CVok

and SWCok. For normal performance, a CV value higher than 4.5% (CVok=False) was more present
compared to high performance; also SWC was found ok more often (SWCok=True) than in high
performance.
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Figure 9: Boxplots of continuous HRV measures by performance. Medians are marked with dashed
red lines; means are marked with green triangles.

Figure 10: Value count of categorical HRV measures by performance.

Performance  Relationship  with  Self-Reported  Wellness  and  HRV
Features

Correlation Analysis

We computed non-parametric Spearman correlation after not finding normality for the distributions
of each feature. Table 1 shows the correlation of performance with the measures collected for the
whole duration of the study. We identified small correlations for performance with sleep satisfaction,
stress, and needing more than 30 minutes to sleep; and moderate with recovery and muscle soreness.
Higher  performance  was  associated  with  self-reported  wellness  (more  recovery,  less  muscle
soreness, less stress, more sleep satisfaction, not being awake between 2 and 3 am, not taking more
than 30 minutes to sleep, and getting between 7 and 8 hours of sleep), and with HRV features (more
times with CVok, less SWC, and less times with SWCok). 
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Table 1 also contains the two-sided P value for a hypothesis test whose null hypothesis is that two
sets of data are uncorrelated. In other words, the  P value roughly indicates the probability of an
uncorrelated system producing datasets with a Spearman correlation at least as extreme as the one
computed for our dataset. Recovery and muscle soreness showed the lowest and more significant P
values (P<.001); next, sleep satisfaction (P=.004), stress (P=.01) and taking more than 30 minutes to
sleep (P=.03).

Table 1: Spearman’s correlation of performance with features. The  P value (two-sided) is for a
hypothesis test whose null hypothesis is that two sets of data are uncorrelated.

Measures in entire training microcycles

r N P value

Recovery .33 105 <.001

Muscle soreness −.34 105 <.001

Stress −.24 105 .01

Sleep satisfaction .28 105 .004

Awake  between  2
and 3 am

−.01 105 .89

More  than  30
minutes to sleep

−.22 105 .03

Between  7  and  8
hours of sleep

.12 105 .23

CV −.04 71 .72

CVok .10 71 .40

SWC −.11 71 .35

SWCok −.20 71 .09

Differences among performance levels

The low number of measures labelled with a  low performance (6 measures, 3 of them with valid
HRV data) hampered any comparison with the measures assigned to normal (51, 36) and high (48,
32). Hence, we compared all features distributions marked with  high performance against  normal
performance.  Table 2 shows the results  for  Kolmogorov-Smirnov,  Anderson-Darling,  and Mann-
Whitney U tests. Table 3 shows the results for Anderson-Darling test. 
We found significant differences between high and normal performance for most of the self-reported
wellness features. These features were recovery (AD, P=.002; MWU, P=.003), muscle soreness (KS,
P=.04;  AD,  P=.001;  MWU,  P=.002),  stress (AD,  P=.03),  sleep satisfaction (AD,  P=.03;  MWU,
P=.02), and needing more than 30 minutes to sleep (CS, P=.02). We found no significant differences
for the HRV features.

Table 2: Comparison of high vs normal performance distributions across continuous features.
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Statistics and P values for non-parametric tests Kolmogorov-Smirnov, Anderson-Darling, Mann-
Whitney U.

Kolmogorov-
Smirnov Anderson-Darling Mann-Whitney U

statistic P value statistic P value statistic P value

Recovery 0.24 .09 5.95 .002 835 .003

Muscle soreness 0.27 .04 7.30 .001 809 .002

Stress 0.24 .10 2.41 .03 1032 .08

Sleep satisfaction 0.19 .31 2.58 .03 946 .02

CV 0.19 .50 −0.43 .25 553 .39

SWC 0.17 .66 −0.48 .25 559 .42

Table 3: Comparison of high vs normal performance distributions across categorical features.
Statistics and P values for the non-parametric Chi-Squared test. 

Chi-Squared

statistic P value

Awake between 2 and 3 am 0.43 .51

More than 30 minutes to sleep 5.02 .02

Between 7 and 8 hours of sleep 0.64 .42

CVok 0.60 .44

SWCok 1.54 .21

Estimation of performance with wellness and HRV data 

We built and studied four match performance estimation models using different sets of the features
available. We used complete measures with valid self-reported wellness and HRV data to build the
models. The accuracy results are shown in Table 4, and the importance of the features used in each
model in Table 5.  
The first model (M1) used all variables and provided 67.7% accuracy. The decision trees in a random
forests model make predictions out of linear combinations of the features provided (eg, if recovery is
higher than 7 and stress is lower than 2, then performance is high). Hence we trained M1 with all
features, with the aim of testing if features marked as non-significant in the previous sections could
still be relevant in combination with the other variables. With this approach we allowed the model to
combine physiological features from HRV monitoring with features from self-reported wellness. 
To gain understanding of the M1 model and its use of variables, we extracted the feature importance
for it (see Table 5). The most relevant features (with an accumulated importance higher than 80%)
were CV, muscle soreness, recovery, SWC and stress, in this order. On the other hand, the sleep
quality features ‘having between 7 and 8 hours of sleep’ and ‘being awake between 2 and 3 am trying
to sleep’ scored very low importance (less than 3%). During the fine tuning of this model and in
further iterations of the models trained, these two sleep quality features reduced the performance of
the model trained. Therefore, and for the sake of clarity, such features are removed from the rest of
models presented.
Features CVok and SWCok were also found with very little importance for M1, with less than 1%
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weight. This happened due to two main reasons. First, such variables present very high collinearity
(higher than 0.8) with CV and SWC, respectively; and second, since CV and SWC are continuous
variables and different thresholds can be defined in them, they are most likely to be used by the
model during its training. Therefore, and in order to leverage such continuous property in CV and
SWC, we built the M2 model using self-reported wellness and continuous HRV features. However,
and taking into account that CVok and SWCok were defined according to already validated criteria
[23],  we also built  the M3 model  using self-reported wellness and categorical  (True/False)  HRV
features.
The M2 model scored 64.6%, with a decreased performance compared to M1. Continuous HRV
features  were  the  most  important  features  for  M2.  Compared  to  M1,  SWC increased  8.1% of
relevance, whilst CV decreased 2.5%. Therefore, SWC, CV, recovery, muscle soreness, and stress,
were the most important variables for M2,  in this order.
Conversely, M3 scored 73.4%, outperforming M1 and M2. Self-reported wellness features were the
most important for M3. Compared to M1 and M2, each one of them increased its relevance, finding
recovery, muscle soreness, stress, sleep satisfaction and ‘taking more than 30 minutes to sleep’ as the
most important features for M3, in this order. The relevance for SWCok (7.6%) and CVok (4.7%) is
lower compared to the continuous SWC (22.2%) and CV (18.0%) in M2, but higher compared to
SWCok (0.6) and CVok (0.4) in M1.
Finally,  we  built  the  M4  model  only  with  self-reported  wellness  features.  M4  scored  71.6%,
outperforming M1 and M2, but below M3. The distribution of feature importance was very similar to
the one found in M3,  only with a  very clear  difference for sleep satisfaction.  Sleep satisfaction
increased its  relevance in  15%, reaching up to 26.5%, when compared to  the one found in M3
(11.5%). The most important features for M4 were recovery, sleep satisfaction, muscle soreness and
stress.

Table 4: Average performance for each model using 10-fold-validation.

M1: All features M2: Self-
reported 
wellness and 
continuous 
HRV features

M3: Self-
reported 
wellness and 
categorical 
HRV features

M4: Self-
reported 
wellness 
features only

Accuracy 
(%)

67.7 64.6 73.4 71.6

Table 5: Feature importance across models. A dash means the feature was not used in that model.

M1: All features 
(%)

M2: Self-reported
wellness and 
continuous HRV 
features (%)

M3: Self-reported
wellness and 
categorical HRV 
features  (%)

M4: Self-reported
wellness features 
only (%)

Recovery 18.1 18.9 31.3 30.6

Muscle
soreness 19.4 18.3 20.0 21.0

Sleep
satisfaction 5.6 7.1 11.5 26.5

Stress 10.1 10.0 15.4 14.7

More  than 6.1 5.5 9.4 7.2
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30  minutes
to sleep

Between  7
and  8
hours  of
sleep 2.6 - - -

Awake
between  2
and 3 am 2.4 - - -

CV 20.5 18.0 - -

SWC 14.1 22.2 - -

CVok 0.4 - 4.7 -

SWCok 0.6 - 7.6 -

Discussion
In this work, we presented the mobile app Readiness Soccer as a useful tool to monitor internal load
and  HRV  in  professional  soccer  players.  We  successfully  conducted  a  pilot  study  in  a  very
challenging real scenario: the season continuation after the COVID-19 lockdown in Spain. We found
that self-reported wellness and HRV features were useful to monitor internal load and relate it to
match performance. To the best of our knowledge, Readiness Soccer is the first attempt to provide a
mobile HRV and wellness monitoring solution to professional soccer players. 

Principal  Findings

Usability. Usability  results  showed  that  Readiness  Soccer  has  a  high  level  of  user-friendliness,
acceptability and ease of use from the perspective of the professional soccer players asked. The
overall SUS score of Readiness Soccer was found to be, not only over the minimum required of 68
points  [32]  but  also  over  the  industrial  goal  of  80  points  to  provide  an  above  average  usability
experience  [42].  This  result  also  stands  out  when  exclusively  compared  to  the  health  domain
standards,  for  which  the  SUS was  found as  the  most  commonly  used  usability  evaluation  in  a
literature review [43], as well as in recent work [44,45]. It is of particular interest that such results were
achieved during the very demanding context of the post-COVID-19 lockdown, a scenario in which
the athletic performance of soccer players was reduced [46] and their injury risk raised [1].  Hence, a
context in which the daily monitoring of players’ health status is essential.
Description of data collected. Despite the good usability results, the players gathered a relatively
low number of measures during the study. In fact, they had to be reminded to use the app periodically
throughout the study (hence the oscillations). We argue that this responds, not only to the difficulties
presented by the creation of new habits [47], such as when implementing new nutrition strategies in
elite athletes [48], but also to the impact of COVID-19 lockdown in the daily habits of the population,
such as dietary [49(p)] and consuming habits [50,51]. 
Measure counts also varied by player. The demographics of the data collected suggest that younger
players were less likely to follow the protocol consistently. This could be influenced by a negative
emotional state with respect to the COVID-19 pandemia and its lockdowns [3], which could be more
acute in younger players with low social support.
A small amount of data was related to low performance, therefore we focused the analysis on normal
and  high performance.  This  may  suggest  that  the  overall  training/recovery  cycles  were  handled
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correctly  by  the  team,  and  that  the  coach  selected  the  players  better  prepared  for  high  match
performance. Moreover, the medians and means of the CV distributions were very close to the upper
threshold of 4.5% defined in [23], hence implying a good overall state of the players.  In fact, out of
three low performance observations in the 10 matches, two were monitored and presented in the
results. This may discard the possibility of players avoiding to register their status due to low overall
wellness.
The 10 matches played in the post-lockdown continuation of the season were characterized by very
short training microcycles, with 72h as the most common scenario. Monitoring internal load in such
intense periods, in which the risk for overtraining and injuries rise [52,53], it is crucial to understand
how well players are managing their recovery processes.
Performance relationship with self-reported wellness and HRV features.  It is when professional
soccer players are under optimal training conditions (ie, adequate adaptation and control of training
loads) that they are most likely to perform at their best [6]. This is why the literature focuses on
studying the relevance of tools like HRV and self-reported wellness to assess internal load [10,11] and
match fatigue [12–15]. Our work assumes the validity of these tools, thus our approach links HRV and
self-reported  wellness  directly  with  performance.  The  complexities  of  defining  performance  in
professional  soccer  are  widely  addressed  in  the  literature,  being  addressed  from  physical,
psychological and cognitive perspectives [54–56].  However,  we consider that challenge outside the
scope of this article, and that our simple evaluations of match performance (based on impressions of
in-match technical-tactic performance of players) were sufficient to start exploring the association of
performance with HRV and self-reported wellness. To the best of our knowledge, this is the first
work that addresses the relation of HRV and wellness directly with performance instead of training
load and fatigue.
We  found  five  of  the  seven  self-reported  wellness  features  to  be  significantly  associated  with
performance from statistical and machine learning perspectives. Recovery and muscle soreness were
moderately correlated with performance, and found as the best predictors of high performance. This
matches the results of previous studies focusing on training load and fatigue [10,11,57], that is why the
medical staff of the teams often focus on alleviating muscle soreness and improving overall recovery
[58]. Sleep satisfaction aspects and stress were lowly correlated with performance, yet they were also
relevant predictors of high performance. This relationship is aligned with previous research [10,11,59,60],
hence the efforts on providing sleep hygiene and recovery strategies [60,61].
Small correlations were found for performance with three of the four available HRV parameters.
However, the sample of HRV measures was not high enough to obtain significant correlations. The
only  HRV parameter  distribution  close  to  significance  was  for  the  categorical  SWCok (P=0.09).
Hence,  results  involving  HRV  should  be  interpreted  carefully,  especially  regarding  its  role  in
modeling , which may suffer from overfitting.
The continuous HRV parameters SWC and CV presented very similar distributions for normal and
high performance, suggesting that there are no differences among such performance levels. In fact,
the medians and means of the CV distributions  were very close to  the upper  threshold of 4.5%
defined in [23], hence implying a good overall state of the players during the competitive season.
Conversely, continuous SWC and CV were found as very relevant predictors of high performance
when modeling. This matches the results of using day-by-day analysis of HRV of previous research
[14,16], which random forests may be able to leverage taking into account the distance of the measures
to the match day. 
The  categorical  HRV measures  SWCok and  CVok pictured  different  ratios  for  normal  and  high
performance, with a more balanced True/False ratio for high performance. This may indicate faster
and better  suited workload-recovery ratios than for normal performance.  However,  the power of
categorical HRV features is ultimately reflected in the modeling  process. SWCok and CVok scored an
accumulated importance of 12.3% in the model with highest accuracy (M3), similar to wellness
parameters like stress and sleep satisfaction. This lower relevance, compared to the continuous SWC
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and  CV,  may  be  influenced  by  the  threshold  itself,  which  is  taken  from cycling  [24,30],  a  sport
involving more aerobic activity. 
Despite this limitation, we argue that, due to their simplicity, this categorical HRV features may be
more  useful  in  this  assessment  and  performance  prediction  context.  Since  HRV may  be  easily
affected by several lifestyle and external factors [62], HRV parameters need to be combined with
other wellness factors to be interpreted correctly. This is why the decision trees building the random
forests models may be one of the best choices to leverage such relationships.
The discussed role of wellness and HRV features across models support that the combination of
selected  self-reported  wellness  (recovery,  muscle  soreness,  stress,  sleep  satisfaction,  not  needing
more than 30 minutes to sleep) and categorical HRV features (SWCok and CVok) built the best model
(M3).  We  believe  this  combination  of  features  leverages  the  power  of  two  complementary
perspectives of the players’ health status: perceived and subjective for self-reported wellness; and
physiological and subjective for HRV. An alternative model, M4, only using selected self-reported
features  was also able  to  report  a high degree of  accuracy,  highlighting the power of sole  self-
reported wellness and making them useful even in the absence of HRV data. This matches results
already found in the literature exposing the advantages of Hooper Index over LnRMSSD [14].

Limitations

The results of this study should be considered preliminary. First, the study was conducted with a
relatively  small  sample  of  professional  male  soccer  players,  and  influenced  by  the  COVID-19
pandemic and its lockdowns during the 6 weeks and 10 matches played. Future work should include
more  players  from  different  teams  and  gender  in  a  more  normalized  competition  scenario  to
generalize results. Second, the amount of data available was relatively small  due to inconsistent
adherence  to  the  protocol.  Thus,  future  research  should  address  reducing  the  necessary  time  to
monitor HRV. In fact, recent work has shown that 1-minute measurements of RMSSD preceded by 1
or more minutes of pre-stabilization are valid to measure HRV in professional male soccer players
[63]. Third, we used a subjective evaluation of the technical-tactic performance of the players as target
variable to relate to internal load. Future research should also include objective parameters related to
performance like external load measures in its definition. Finally, we reported the results obtained
from only one classification method. Our choice was based on the interpretability of the random
forests model and the high performance of the method in our dataset. However, the results may vary
with a different data sample.

Conclusions 

Our findings highlight  the feasibility  of using mobile  phone and wearable sensors to  assess  the
internal  load  of  professional  soccer  players  during  the  competitive  season.  We  found  the  app
Readiness Soccer to be useful to monitor internal load during a very intense competitive scenario
such as the season continuation after the COVID-19 lockdown. We established preliminary patterns
of  HRV and  self-reported  wellness  for  higher  and  lower  levels  of  subjective  perceived  match
performance of players. HRV and self-reported wellness data were useful to monitor the evolution of
professional soccer players’ internal load and to predict match performance levels out of measures in
a training microcycle.
Our  work  also  highlights  opportunities  for  long-term  monitoring  of  soccer  players  during
competition, as well as real-time interventions aimed at the early management of overtraining and
boosting of individual performance. Information from Readiness Soccer could be integrated into the
electronic health records of the teams to make more informed decisions when adjusting training
types and intensity. Prediction models could provide the automatic detection of a worsening status,
thus enabling just-in-time adaptive interventions aimed at improving (or, at least, maintaining) the
player's  condition.  Such  personalized  interventions  could  improve  player’s  performance  by
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minimizing the risk of injuries and overtraining.
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