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Data analysis for athletic performance optimization and injury prevention is of tremendous interest to
sports teams and the scientific community. However, sports data are often sparse and hard to obtain
due to legal restrictions, unwillingness to share, and lack of personnel resources to be assigned to the
tedious process of data curation. These constraints make it difficult to develop automated systems for
analysis, which require large datasets for learning. We therefore present SoccerMon, the largest soccer
athlete dataset available today containing both subjective and objective metrics, collected from two
different elite women’s soccer teams over two years. Our dataset contains 33,849 subjective reports and
10,075 objective reports, the latter including over six billion GPS position measurements. SoccerMon
can not only play a valuable role in developing better analysis and prediction systems for soccer, but
also inspire similar data collection activities in other domains which can benefit from subjective athlete
reports, GPS position information, and/or time-series data in general.

Background & Summary

A key development in sports over the last three decades has been the increased use of scientific methods to
improve the preparation for and participation performance in elite competitions. In this context, international
sports are undergoing a revolution fueled by the rapidly increasing availability of quantifiable athlete perfor-
mance data, sensor technologies, and software for advanced analytics. These recent innovations have enabled
the close monitoring of athlete performance across all training sessions and matches, facilitating a much deeper
understanding of training methods that benefit athletes and coaches alike, i.e., empowering both players and
involved personnel to quantify individual and team strengths and weaknesses, give feedback on physical perfor-
mance, psychological status, and wellness, educate personnel, plan training content in micro- and macrocycles,
and avoid overuse injuries.

In this context, soccer (also known as association football) is an open-loop sport with many parameters that
can be analyzed. The performance is a multifactorial construct with a dynamic and stochastic nature, where the
physical performance of players (e.g., high-speed activities) is affected by external factors (e.g., ball possession
and period of the season), which consequently cause fluctuations over time'. Several studies have reported on
the effect of variability between players, positions, and matches?™'2. In addition, there has been an increasing
focus on the value of a player’s mentality and their subjective perception of their training load and well-being!'>.
Furthermore, little research has been done within this field in the context of women’s soccer. Although both men
and women play the same game, research on other sports such as weightlifting'* and cycling' have shown dif-
ferences in training response between women and men'®. In light of these, there is a need for more research on
the effects of various mental and physical parameters in women’s soccer.

Analysis of subjective and objective data can provide vital insights for individual training personalization
and injury prevention, but it might also consume a lot of manual labor. Therefore, an important goal is to have
automated systems which can generate and analyze large amounts of data from training sessions and matches
in professional soccer, and provide detailed insights and predictions about the future status. Such automated
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systems can enable individualization of training, improve player selection for upcoming matches, and avoid
overuse injuries through the detection of anomalies. However, a considerable challenge to performing research
in this area, whether the analysis is manual or computer-based and automated, is the availability of data. This is
especially true for women’s soccer. Existing soccer datasets, such as datasets for event detection containing video
and image annotations'’~?!, player tracking datasets'®?>?}, and datasets from tournaments containing match
information (https://data.world/datasets/soccer, https://datahub.io/collections/football), focus only on male
players. To the best of our knowledge, there is no existing dataset for female players which includes players’
subjective assessments of their own physical and psychological parameters, as well as objective measurements of
locomotor activity during training sessions and matches. Therefore, we present such a dataset containing both
objective and subjective metrics for women’s soccer. Our previous work has made use of position data from GPS
and radio-wave local positioning systems®!>?*-%6, and subjective training load and wellness reports”’~>°, where
we have both analyzed the gameplay and performed predictions on future performance. During this period, we
observed the need for open and shareable datasets, which has become even more prominent in recent years due
to the rise of machine learning applications, where reproducible and comparable results are one of the biggest
challenges associated with these new algorithms™.

In this paper, we present the SoccerMon dataset, which is composed of data collected and used by profes-
sional teams in the Norwegian women’s elite soccer league Toppserien during the 2020 and 2021 seasons. In
particular, teams have: (1) used the PmSys athlete monitoring system?®*!-* to collect subjective reports, which
log parameters related to training load, wellness, injuries, illnesses, and game performance, and (2) used weara-
ble GPS tracking equipment (STATSports APEX GNSS tracking system) during most of their training sessions
and some matches to collect objective reports, which log parameters related to position, acceleration, rotation,
and heart rate. Overall, we collected data from two elite women’s soccer teams over two years, comprising 33,849
subjective reports and 10,075 objective reports, the latter including 6,248,770,794 GPS measurements.

Methods

The SoccerMon dataset has been curated using data from two systems: subjective reports collected from the
PmSys athlete monitoring system?® and objective reports collected from the STATSports APEX GNSS tracking
system. We collected both subjective and objective data over two years (during the 2020 and 2021 seasons)
from two different teams in the Norwegian women’s elite soccer league. All players have given their written
informed consent to participate, including the open publication of the recorded data. After the raw export from
the two systems, all player metadata have been removed, and all files have been renamed with randomly gen-
erated strings. Apart from this anonymization, neither the subjective nor the objective data have been altered
in any way. The study was approved by the Norwegian Privacy Data Protection Authority (reference number:
296155), and exempted from further user consent. The study was also exempted from approval by the Regional
Committee for Medical and Health Research Ethics - South East Norway and the Regional Committee for
Medical and Health Research Ethics - Northern Norway, as the collection of the data did not include a bio-bank,
medical or health data related to illness, or interfere with the normal operation of the players.

Collection of subjective reports. The first part of the SoccerMon dataset consists of subjective metrics
related to perceived training load, wellness, injuries, illnesses, and game performance. These metrics have been
reported by players using the PmSys athlete monitoring system?®®. The PmSys system was developed for controlled
systematic longitudinal data collection and extraction, enabling fast and efficient monitoring of athletes’ pheno-
typic and self-reported metrics, based on their perceived training load, wellness, injuries, illnesses, and game per-
formance. In particular, for reporting metrics, players interacted with the PmSys system using the Reporter App
available for both Android and iOS platforms. This smartphone application allows easy access to a player profile
for submitting reports, as described below. Training load reports were submitted by players per training or activ-
ity session, wellness reports per day, game performance reports per match (game), and injury and illness reports
whenever these occurred. Player reports were first stored locally on their smartphone, then synchronized with the
PmSys cloud server as soon as they had a network connection, which allowed players to complete reporting even
if they were offline. In accordance with privacy-preserving guidelines, each report is owned by the player who
generated it, and a player must actively attach their profile to a team for coaches and other personnel to be able to
view their data through a trainer portal. The following reports were collected with the PmSys app:

o Training Load Reports: The app allows for submitting training load reports through the questionnaire
depicted in Fig. 1. This questionnaire is intended for use after every training or activity session including
games. The players reported the duration of the session, the type of the session, and a 1 to 10 score of how
hard they perceived the session to be, i.e., their rating of perceived exertion (RPE) for the session. Table 1 lists
the training load report parameters collected using the PmSys system. Based on these raw parameters, a wider
range of training load metrics were calculated, including session RPE (sRPE), daily load, weekly load, Acute
Training Load (ATL), Chronic Training Load (CTL), Acute Chronic Workload Ratio (ACWR), monotony,
and strain. Table 2 lists the calculated training load metrics.

o Wellness Reports: The app has a questionnaire for reporting wellness, as depicted in Fig. 2. This question-
naire is intended for daily use, i.e., each player was instructed to report wellness once a day. Wellness param-
eters include fatigue, mood, readiness to train, sleep duration, sleep quality, muscle soreness, stress, and
optionally menstruation. Readiness is reported on a scale from 1 to 10, sleep duration in hours and minutes,
and menstruation with a checkbox. The remaining metrics are reported on a scale from 1 to 5. All scales in
the questionnaire have supporting textual explanations for a more consistent interpretation of the numbers.
Table 1 lists the wellness report parameters collected using the PmSys system.
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Fig. 1 Reporting of sRPE in PmSys.

Report Granularity Parameter Description
Timestamp Date and time for session
Per trainingor | 1yPe of session Competition or individual session or team session, along with keywords
Training Load Report L g
activity session | gession duration Session duration in hours and/or minutes
RPE Rate of perceived exertion (1-10)
Timestamp Date for which the report applies
Fatigue Fatigue (1-5)
Mood Mood (1-5)
Readiness Readiness to train (1-10)
Wellness Report Per day
Sleep duration Sleep duration for the previous night in hours and/or minutes
Sleep quality Sleep quality for the previous night (1-5)
Soreness Muscle soreness (1-5)
Stress Stress (1-10)
Timestamp Date and time for injury
Injury Report Per injury Location Area of injury marked on body silhouette
Severity Severity of injury indicated as either minor or major
Timestamp Date and time for illness
Illness Report Per illness
Symptoms Illness symptoms selected among list
Timestamp Date and time for game
Team performance Overall team performance (1-10)
Game Performance Report | Per game
Defensive performance | Individual defensive performance (1-10)
Offensive performance | Individual offensive performance (1-10)

Table 1. Overview of subjective report parameters collected using the PmSys system.

 Injury Reports: Injuries can be reported using the app. Injury reports constitute a subjective notification of
injury location and severity. No diagnoses are included, as these are meant to be made by medical personnel.
The reporting procedure is similar to previous examples, with the corresponding questionnaire illustrated
in Fig. 3. The questionnaire displays a body silhouette on which the players can tap to mark injury locations
(from among 22 location alternatives): single tap means minor pain (marked as orange) and double tap means
major pain (marked as red). Players can submit as many injury reports as needed, without any requirements
on reporting frequency, and each report can include as many injuries as the player wishes to report (with a
maximum of 22, indicating injuries in all possible body locations). All injury reports are recorded separately,
and the injuries listed in reports from consecutive days are not merged. Table 1 lists the injury report param-
eters collected using the PmSys system.

« Illness Reports: Using the app, illnesses can be reported via selection from a list of symptoms, as illustrated
in Fig. 4. Multiple illness symptoms can be reported in the same illness report. Similar to injuries, this noti-
fication only constitutes a subjective notification of perceived symptoms, and is not validated by medical
personnel. Table 1 lists the illness report parameters collected using the PmSys system.

« Game Performance Reports: The app allows for submitting game reports through the questionnaire depicted
in Fig. 5. This questionnaire is intended for use after every game. The players reported the time of the game,
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Metric Description Formula
Session RPE (sRPE) ;l'el;eovrvtc:ik%{o;g for a single session based on the session duration and the RPE-duration
(Daily) Training Load The sum of sRPE for a day > sRPE per day
Weekly Load (WL) The sum of sRPE over the last 7 days > _sRPE per week
Acute Training Load (ATL) The current level of fatigue (average sRPE over the last 7 days) 77D,

The cumulative training dose that builds up over a longer period of time

Chronic Training Load (CTL) (average sRPE over the last 28 or 42 days)

x'YIDL, x = 280r42

Acute Chronic Workload Ratio An indication of whether an athlete is in a well-prepared state, or at an

. —1
(ACWR) increased risk of getting injured (ATL divided by CTL) ATL-CTL
Training variation across the last 7 days (average sRPE over the last 7 days 1
Monotony divided by the standard deviation (SD)) ATL-SD
Strain Opverall training stress from the last 7 days (total weekly sSRPE multiplied WL-Monotony

with Monotony)

Table 2. Overview of additional training load metrics calculated from the raw parameters (session duration
and RPE) in the training load reports.
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Fig. 2 Reporting of wellness in PmSys.

their rating of the overall team performance, their rating of their individual defensive performance, and their
rating of their individual offensive performance, on a scale from 1 to 10. Table 1 lists the game performance
report parameters collected using the PmSys system.

For the curation of the SoccerMon dataset, these reports were exported in full and tagged with a player iden-
tifier. Player identifiers were only used to match the subjective reports to the objective reports described below,
and after the matching, all explicit identifiers were replaced with random anonymized player IDs which are
common for both the subjective and objective reports. Apart from the anonymization, the subjective data from
the PmSys athlete monitoring system have not been altered in any way.

Collection of objective reports. The second part of the SoccerMon dataset consists of objective metrics
related to position and movement on the soccer pitch, acceleration, rotation, and heart rate. These metrics have been
collected by the FIFA-approved STATSports APEX GNSS tracking system. Players were equipped with the track-
ing system, which contains 10 Hz multi-GNSS augmented units capable of concurrently tracking multiple satellite
systems (e.g., global positioning system (GPS), GLONASS, Galileo and BeiDou), a tri-axial accelerometer (952 Hz),
a magnetometer (10 Hz), and a tri-axial gyroscope (952 Hz), embedded in the STATSports vest shown in Fig. 6.

«  GPS Reports: During both training sessions and competitions, each player wore a sensor unit, roughly the
size of a matchbox, on their upper back in the tight-fitted vest. Players also had the option of wearing a chest
strap to monitor heart rate. To minimize inter-device error, each player used the same sensor unit during the
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Fig. 3 Reporting of injuries in PmSys.

Edit lliness Edit lliness Save
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Tever

soar throat
coughing
giarrhea
nausea
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clher

Fig. 4 Reporting of illnesses in PmSys.

entire season. The measurement data from the sensor units were retrieved via the manufacturer’s software
(STATSports Sonra 2.1.4) after each session. Consequently, from each player, one GPS report was collected
for each training or activity session during which they wore their sensor unit. Table 3 provides an overview of
the GPS report parameters collected using the STATSports APEX GNSS tracking system.
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Fig. 5 Reporting of game performance in PmSys.

Fig. 6 STATSports

Sensor Parameter Description Frequency
NA time Timestamp for record with millisecond granularity (HH:mm:ss.SSS) NA
id Sensor unit ID (replaced with anonymized athlete ID) NA
Heart rate monitor | heart_rate Heart rate in beats per minute (b-m™") 10Hz
lat Latitude in degrees (°) 10Hz
lon Longitude in degrees (°) 10Hz
speed Sensor-calculated speed in meters per second (m-s~!) 10Hz
GPS hacc Horizontal accuracy 10Hz
hdop Horizontal dilution of precision 10Hz
signal_quality Quality of the GNSS/GPS signal 10Hz
num_satellites Total number of satellites used in the calculation of the unit’s position 10Hz
inst_acc_impulse Absolute acceleration in meters per second per second (m-s~2) 10Hz
accl_x Acceleration along x-axis (g) 100Hz
Accelerometer
accl_y Acceleration along y-axis (g) 100Hz
accl_z Acceleration along z-axis (g) 100Hz
gyro_x Rate of rotation along x-axis in degrees per second (deg-s) 100Hz
Gyroscope gyro_y Rate of rotation along y-axis in degrees per second (deg-s~!) 100Hz
gyro_z Rate of rotation along z-axis in degrees per second (deg-s™") 100Hz

Table 3. Overview of objective report parameters collected using the STATSports system.

For the curation of the SoccerMon dataset, these reports were exported in full and tagged with a player iden-
tifier. It should be mentioned that the raw data is likely to have been pre-filtered by the receiver’s firmware to
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Number of Samples
Part Report Type Num. Metrics Total Team A Team B
Training Load 11 16,261 11,052 5,209
Wellness 7 17,002 11,026 5,976
Injury 2 306 291 15
Subjective
Tllness 1 32 17 15
Game Performance 3 248 161 87
TOTAL 24 33,849 (50 players) 22,547 (27 players) 11,302 (23 players)
GPS 17 10,075 5,438 4,637
Objective
TOTAL 17 10,075 (76 players) 5,438 (39 players) 4,637 (37 players)

Table 4. Overview of all data records in the SoccerMon dataset, in terms of the number of metrics and samples
per report type. For training load, wellness, and game performance, the number of samples refer to the number
of reports. For injury and illness, the number of samples refers to the number of injuries and illness symptoms
(instead of the number of reports, as a single report might include multiple injuries or illness symptoms).
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— srpe.json
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Fig. 9 Folder structure for the first part of the SoccerMon dataset (subjective).

reduce the noise from the satellite systems®*. Player identifiers were only used to match the objective reports to
the subjective reports described above, and after the matching, all explicit identifiers were replaced with random
anonymized player IDs which are common for both the subjective and objective reports. In addition to the
anonymization, column names in each file were cleaned up, and the raw data were converted from the original
CSV format to parquet format for compression purposes (see further comments in the Usage Notes section).
Apart from these changes, the objective data from the STATSports APEX GNSS tracking system have not been
altered in any way.

Data Records

The SoccerMon dataset is available from Zenodo®®. SoccerMon is open access and licensed under Creative
Commons Attribution 4.0 International (CC BY 4.0). The dataset includes a total of 33,849 subjective reports
and 10,075 objective reports. The data records have a total size of around 93GB, where subjective reports make
up 9.3MB and objective reports make up 92.3GB.

Subjective metrics. As shown in the overview Table 4, the SoccerMon dataset contains 33,849 subjective
reports in total, which are made up of 16,261 training load reports, 17,002 wellness reports, 306 injury reports,
32 illness reports, and 248 game performance reports. Subjective reports were collected from a total of 50 players,
with 27 players from Team A and 23 players from Team B.

o Training load metrics: As described in the previous section, training load reports were collected per training
or activity session. Overall, Team A logged 11,052 sessions, and Team B logged 5,209 sessions (making up a
total of 16,261 reports). Each player completed a number of training sessions, comprising both team and indi-
vidual sessions. Thus, the number of sessions per player is not fixed, but a distribution depending on team,
player, and year. The distributions are presented as boxplots in Fig. 7. Team A has a lower annual median
of 374 and 382 reported sessions per player, while Team B has an annual median of 389 and 390 sessions
per player, in 2020 and 2021 respectively. In the SoccerMon dataset, 11 training load metrics are available,
including both the raw parameters listed in Table 1, and the calculated metrics listed in Table 2.

o Wellness metrics: As described in the previous section, players were instructed to submit wellness reports
daily. However, the self-reported wellness parameters reveal a fair amount of missing data (days for which no
wellness report was submitted by a given player). Overall, 17,002 reports were retrieved in total, with 11,026
reports from Team A and 5,976 reports from Team B. In the SoccerMon dataset, 7 wellness metrics are avail-
able, as listed in Table 1.

o Injury metrics: A total of 162 injury reports including 306 injuries were submitted from both teams over two
years. Figure 8 provides an overview of the location and severity of all injuries reported by both teams. Most
severe injuries were reported in the knees, especially the right knee. The number of minor injuries is fairly
evenly distributed over the lower body parts. In the SoccerMon dataset, 2 injury metrics are available, as listed
in Table 1.

o Illness metrics: A total of 15 illness reports including 32 illness symptoms were submitted from both teams
over two years. In the SoccerMon dataset, 1 illness metric is available, as listed in Table 1.

o Game performance metrics: As described in the previous section, game performance reports were collected
per match (game). A total of 248 game performance reports were submitted from both teams over two years.
In the SoccerMon dataset, 3 game performance metrics are available, as listed in Table 1.

Figure 9 illustrates the folder structure for the first part of the SoccerMon dataset. Subjective reports are
organized into folders per report type, which contain roughly one file per metric, each aggregating the data from
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Fig. 10 Number of GPS sessions per player, presented as a bar chart indicating anonymized player UUID, year,
and month (top: Team A, bottom: Team B).

all players over two years for the particular metric. Metrics with a per day granularity were presented in tabular
form and stored in . csv files, whereas metrics with a per session granularity (which can have a different length
for each player, and for which a tabular presentation is not possible) were stored in . j son files.

Objective metrics. The SoccerMon dataset contains 10,075 GPS reports in total, which are made up of 5,438
reports from Team A and 4,637 reports from Team B. Objective reports were collected from a total of 76 players,
with 39 for Team A, and 37 for Team B. Figure 10 presents the number of GPS sessions (each yielding one GPS
report) per player, and Fig. 11 presents the number of GPS sessions per month. Note that, due to the COVID-19
pandemic, the start of the 2020 season was pushed to June, while the 2021 season started in May.

The GPS reports are a collection of sensor measurements from a single unit captured within the duration of
a session (period of time the unit was worn), and includes one entry (one row of data, or “record”) per meas-
urement. Each record contains 17 parameters, including latitude, longitude, tri-axial acceleration, and rotation.
Table 3 lists the GPS report parameters collected using the STATSports system. In the SoccerMon dataset, objec-
tive reports are organized hierarchically by team, year, month, and day. Figure 12 illustrates the folder structure
for the second part of the SoccerMon dataset.
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Fig. 11 Number of GPS sessions per team, presented as a bar chart indicating team, year, and month.

Technical Validation
To validate and demonstrate the technical quality of the SoccerMon dataset, we performed multiple experiments,
which provide certain baselines and provide insights into the statistical qualities of the dataset.

Validation of subjective metrics. Validation of the subjective metrics was undertaken in three ways: ini-
tial self validation, correlation analysis, and parameter prediction, all serving as data quality indicators.

o Selfvalidation: At the data collection stage, each participant was asked to verify their reported values before
submitting their report to the PmSys system. Figures 1-5 present examples of this step, where the last screen
of each questionnaire is a summary of the corresponding report to be validated by the participant.

o Correlation analysis: We performed a correlation analysis on the first part of the SoccerMon dataset. Fig-
ure 13 presents the correlation matrix of the self-reported subjective parameters in SoccerMon. The matrix
presents the correlation coefficient for each combination of parameters. A perfect linear dependency is given
when the correlation coefficient is one or minus one. No linear dependency is present when the correlation
coeflicient is zero. As can be observed from the figure, the correlation matrix appears to have three distinct
blocks. The upper left block presents the intra-correlations among the wellness report parameters, the lower
right block presents the intra-correlation among the training load report parameters, and the blocks in the
lower left and upper right are the same, showing the inter-correlation between the wellness report parameters
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Fig. 12 Folder structure for the second part of the SoccerMon dataset (objective). The files are hierarchically
organized by team, year, month, and day.
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Fig. 13 Correlation matrix of the self-reported subjective parameters in SoccerMon.
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Fig. 14 Actual and predicted values for the readiness-to-train parameter for a player from Team A. Training on
entire team, number of epochs: 30, batch size: 5, input window: 7.

and the training load report parameters. The first noticeable observation of the correlation matrix is the high
linear dependency among the training load parameters, as observed in the lower right part of the matrix.
This dependency is due to the fact that all parameters pertaining to a training session are calculated from the
parameters duration and RPE (see Table 2). The intra-correlations among the wellness parameters reveal
valuable insights into the players’ well-being. Players’ stress is highly correlated to their mood, level of fatigue,
and soreness. A lower stress level indicates lower fatigue and soreness, and vice versa. The highest correlation
is found between soreness and fatigue. This relationship arises from the amount of training. The less sore a
player is, the fresher she feels. This can also be seen by the negative correlation with daily load. A lower daily
load indicates lower soreness. Readiness to train seems to correlate most with fatigue, soreness, and sleep
duration, and we observe that sleep quality affects several parameters, whereas the session duration does not
have the same effect. Further, sleep duration does not have as strong correlations as other relations. A lower
correlation might indicate a strong circadian rhythm for elite soccer players and a structured sleep sched-
ule. However, sleep quality is affected by other wellness parameters. The inter-correlations between wellness
parameters and training load do not show as high correlations. Soreness is highest correlated with training
parameters. Correlation measures a linear relationship between variables. Thus, a low correlation may suggest
either the absence of a relationship or the presence of a non-linear association between the variables. These
relations need a further investigation and advanced statistical modelling.

Parameter prediction: We provide a small experiment where we perform a univariate prediction of the read-
iness-to-train parameter, following our work on predicting future values of the wellness parameters?%. More
details of such experiments using the SoccerMon dataset are given by Kulakou et al.”®. As observed in Fig. 14,
it is possible to predict the trends of such time-series data, i.e., enabling a more targeted planning of training
sessions. In this particular experiment, we have trained an LSTMPlus machine learning model from the Tsai’*
state-of-the-art Python deep learning library for time-series analysis, used a training split from the dataset
(80%) to train the model, and used a test split from the dataset (20%) for testing. Building on previous knowl-
edge?”?*, we have trained the model on the entire team. Then, for unseen data from the test split, we used an
input window of the 7 previous days to predict the following day. As observed in the figure, provided that
appropriate hyper-parameters are found, the model can reasonably follow the trends in the data®. Moreover,
even though predicting the upward and downward trends and catching peaks are more important than pre-
dicting the exact values, we looked at the Mean Squared Error (MSE), measuring the average sum of the
square of the difference between the actual and the predicted values for all data points, i.e.,
MSE =+ = 2, For the same parameter setting, the reported MSE is about 0.7 indicating that such
predictionns can be made with a high accuracy.
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Validation of objective metrics. Validation of the objective metrics was undertaken in three ways: GPS
accuracy analysis, peak locomotor period analysis, and correlation analysis as data quality indicators.

»  GPS accuracy: To demonstrate the positional accuracy of the tracking data, we instructed seven players to jog
clockwise around the pitch for two laps, following the side and end lines. As can be seen in Fig. 15, the player
trajectories deviate slightly from the ground truth. In addition, there is also a slight player displacement from
lap 1 to lap 2. A more thorough investigation of the validity and between-unit variability of STATSports Apex
has previously been done by Beato et al.®. They reported a small distance bias of around 1-2% compared to
the criterion distance of a 400-m athletic track, a specific team sports circuit of 128.5-m that replicated the
movement demands of team sports (circuit performed on synthetic surface), and a 20-m trial (linear run-
ning). Peak speed showed a small bias of approximately 2% compared to the criterion measure (radar gun).
They concluded that one can confidently use the system to measure distance and speed during training and
match play.

o Correlation analysis: Fig. 16 presents the correlation matrix of the objectively derived features of the tracked
training sessions.

o Peak locomotor period analysis: Soccer is characterized by its intermittent nature, with periods of high
intensity followed by periods of low intensity, and so forth. Tracking data, to be considered valid, should be
able to reflect this nature. Therefore, to further demonstrate the quality of our dataset, we showcase an experi-
ment on the phenomenon of peak locomotor periods. Peak locomotor periods, also known as “high-intensity
phases” or “worst-case scenarios’, are variable and duration-specific periods (usually 1, 5, or 10 minutes in
length) within the session where, dependent on the type variable, the rolling sum or rolling average of that
variable is the highest. Given the intermittent nature of soccer, one could hypothesize that the intensity during
the subsequent period (often called the post-peak period) should be lower than that of the match average. To
give an example, we reiterate the findings from Winther et al.!2. In this study, we characterized the match-de-
rived 1-minute peak locomotor periods for each playing position and compared them to the subsequent
5-minute period and the mean 5-minute period. To do this, we derived the following variables from a subset
of the dataset: total distance (TD), high-speed running distance (HSRD) (>4.44 ms™'), sprint distance (SpD)
(>5.55ms™ 1), acceleration and deceleration distances (Acc,;; and Decy,,). Accy;, and Dec,,, were defined as
the distance covered with a positive or negative change in speed of more than +2.26 ms~2, with a minimal
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Fig. 16 Correlation matrix of the features derived from objective parameters in SoccerMon.

effort duration of 0.3 s, finishing when the rate of acceleration/deceleration reached 0 ms~2. These thresholds
were chosen according to previous research®”. Finally, we used linear mixed modeling to estimate the dif-
ferences between peak, next, and mean periods. As shown in Fig. 17, for most variables, the 1-minute peak
period was significantly higher than both the subsequent 5-minute period and the mean 5-minute period.
Furthermore, the distance covered during the subsequent 5-minute period was also significantly lower than
that of the 5-minute match average, illustrating the transient reductions in running intensity following the
peak periods. Taken together, these results show that our data reflect the intermittent nature of soccer!?.

Combined validation. The combination of subjective self-reports and objective tracking data gives a more
holistic view of the soccer players and allows research on various applications. We analyze the correlation between
the subjective and objective data to highlight the informative value. Due to a high number of features, we present
the correlation matrix for a selected set of features. Figure 18 visualizes the correlation matrix of the subjective
and objective features. We can observe that objectively measured acceleration distance reflects the subjective fea-
tures of readiness, sleep quality, and stress. An increased acceleration distance increases readiness and improves
sleep quality and stress levels. An interesting observation is the correlation of the perceived exertion sRPE and
the GPS-based objective features such as acceleration distance, high-speed running distance (HSD)**’, number
of sprints and total distance. While the perceived exertion decreases with acceleration distance, it increases with
the number of sprints, high-speed distance, and total distance. As correlation does not indicate causality, we can
only speculate about the potential reasons for this behavior. An in-depth analysis is intended for future research
on this dataset. An important first step is to address the issue of correlation dependence. Does the total distance
impact the readiness of a player or vice versa? Additionally, other types of relationships than a linear one can be
considered. The correlation matrix presented here is intended to highlight initial research questions that can be
addressed based on this dataset.
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Fig. 17 Distance covered during the peak 1-min, the next 5-min, and the mean 5-min period for: (A) total
distance, (B) high-speed distance, (C) sprint distance, (D) acceleration distance, and (E) deceleration distance.
Results are grouped by player position on the field: central defenders (CD), full-back (FB), central midfielder
(CM), wide midfielder (WM), and forward (FW).

Usage Notes

In our research on analyzing the performance and wellness of soccer players, we collected, to the best of our
knowledge, the largest and most diverse sports dataset consisting of both subjective and objective measurements
over a period of two years from two different teams. In this paper, we make this dataset available as a resource
to the research community, enabling researchers to study both sports and computer science aspects. We first
outline some tools that are available in order to read, load, and use the data.

« Data format for objective metrics: Apache Parquet (https://parquet.apache.org) is a modern data storage
format, which is beneficial for large columnar datasets. Parquet files can be accessed by any modern operat-
ing system. For example, MacOS supports parquet-tools which is a tool for processing parquet files using the

SCIENTIFIC DATA | (2024) 11:553 | https://doi.org/10.1038/s41597-024-03386-x 15


https://doi.org/10.1038/s41597-024-03386-x
https://parquet.apache.org

www.nature.com/scientificdata/

1.0
Readiness
Sleep Quality 0.8
Stress
0.6
Soreness } ; i ! s 0.0081
0.4
RPE
Strain
0.2
Total Distance
-0.0
Max Speed
HSD (m/min) --0.2
Sprints (n)
--0.4

Acc Dist (m/min)

Readiness
Sleep Quality
Stress
Soreness
RPE

Strain

Total Distance
Max Speed
HSD (m/min)
Sprints (n)
Acc Dist (m/min)

Fig. 18 Correlation matrix of a subset of the combined subjective and objective parameters in SoccerMon.

command-line. Apache Parquet Viewer (https://github.com/mukunku/ParquetViewer) is a software solution
for parquet files for Microsoft. Packages like Apache Arrow (https://arrow.apache.org) for the R, C++-, Matlab,
or Julia languages and pandas*! for the Python language provide convenient solutions to read, write, and
manipulate parquet files.

o Dataloader: A simple data loader which structures the subjective metrics in the dataset can be found in our
GitHub repository: http://www.github.com/simula/soccermon.

SoccerMon can be used in many different ways, for sports and computer science. Here, we provide some
examples of potential research areas.

» Sports science: SoccerMon enables researchers to study trends and developments in training load, wellness,
and movement patterns during training and match play. The dataset also allows researchers to investigate how
these parameters correlate and how they may influence each other. For example, one can look at differences
between objective data and subjective reports, seasonal variations in training load, the impact of a match on
sleep duration and quality the following days, contextual factors effect on physical match performance, the
correlation between subjective SRPE and objective measured training load/intensity, and whether there are
certain parameters, such as TD, HSRD, Sprint, and Acc, that have a stronger influence on subjectively experi-
enced sRPE. It is also possible to use map overlays as a visualization tool for presenting and deriving insights
from the GPS data. For further studies on GPS data analysis, readers are referred to the works of Winther et
al.’?, Pedersen et al.'%, and Hoel*2.

« Injury analysis: Injury prevention is a major field in sports research. The injury data provided in SoccerMon,
albeit limited to subjective reports, can allow researchers to investigate the relationship between training load
or wellness parameters and injury events. For instance, Jarmann* analyzes injury risk based on different
influence factors and applies survival analysis methods to predict injuries, while also discussing how to treat
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recurrent injuries (i.e., whether to consider each injury as a separate event, or to combine injuries that were
reported on consecutive days into “injury periods”). Such research can allow stakeholders to understand
injury risk better, and provide important insights about the steps to prevent injuries.

Time-series analysis: SoccerMon is an example of a complex time-series dataset with many parameters and
dimensions, and it can serve as an application scenario for various studies on time-series analysis, including
AI/ML use cases. These range from predicting future values to finding better solutions for handling missing
data (data imputation), possibly combining multiple parameters. For further studies on the prediction of
subjective parameters, readers are referred to the works of Wiik et al.””, Johansen et al.?8, Kulakou et al.?’, and
Sagbakken**.

Platform development: The PmSys system was developed with the primary intention of replacing the tradi-
tionally manual (“pen and paper”) method of collecting information, still employed by many soccer teams
worldwide, with a digital system for controlled systematic longitudinal data collection and extraction. It was
established over multiple development cycles?®*!-**, demonstrating the importance of continuous devel-
opment of platforms with challenging system requirements and a diverse target audience (soccer players,
coaches, medical personnel, and researchers). Potential future work can also focus on the design and imple-
mentation of such digital platforms, especially in terms of open source deployments, to serve as a tool for the
scientific community.

Thus, SoccerMon enables a myriad of possibilities, not only within sports and computer sciences separately,

but also at the intersection of the two areas as a more exciting opportunity. With this dataset, we encourage new
contributions in the area, not only in terms of experiment reproducibility and method comparisons, but also in
terms of the sharing of new datasets and tools with the community.

Code availability
We provide a sample codebase that can be used to import and structure the raw data from the SoccerMon dataset,
as a public software repository on GitHub: http://www.github.com/simula/soccermon.

Received: 19 October 2022; Accepted: 16 May 2024;
Published online: 30 May 2024

References

1.

2.

3.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Gregson, W,, Drust, B., Atkinson, G. & Di Salvo, V. Match-to-match variability of high-speed activities in premier league soccer.
International Journal of Sports Medicine 31, 237-242, https://doi.org/10.1055/5-0030-1247546 (2010).

Hopkins, W. G., Hawley, J. A. & Burke, L. M. Design and analysis of research on sport performance enhancement. Medicine and
Science in Sports and Exercise 31, 472-485, https://doi.org/10.1097/00005768-199903000-00018 (1999).

Bush, M. D., Archer, D. T,, Hogg, R. & Bradley, P. S. Factors influencing physical and technical variability in the english premier
league. International Journal of Sports Physiology and Performance 10, 865-872, https://doi.org/10.1123/ijspp.2014-0484 (2015).

. Carling, C., Bradley, P,, McCall, A. & Dupont, G. Match-to-match variability in high-speed running activity in a professional soccer

team. Journal of Sports Sciences 34, 2215-2223, https://doi.org/10.1080/02640414.2016.1176228 (2016).

. Baptista, I, Johansen, D., Seabra, A. & Pettersen, S. A. Position specific player load during match-play in a professional football club.

PLoS ONE 13, https://doi.org/10.1371/journal.pone.0198115 (2018).

. Beato, M.,, Coratella, G, Stiff, A. & Iacono, A. D. The validity and between-unit variability of gnss units (statsports apex 10 and 18 hz)

for measuring distance and peak speed in team sports. Frontiers in Physiology 9, https://doi.org/10.3389/fphys.2018.01288 (2018).

. Gongalves, B. et al. Speed synchronization, physical workload and match-to-match performance variation of elite football players.

PLoS One 13, 0200019, https://doi.org/10.1371/journal.pone.0200019 (2018).

. Baptista, I, Johansen, D., Figueiredo, P., Rebelo, A. & Pettersen, S. A. A comparison of match-physical demands between different

tactical systems: 1-4-5-1 vs 1-3-5-2. PLoS ONE 14, https://doi.org/10.1371/journal.pone.0214952 (2019).

. Baptista, L, Johansen, D., Figueiredo, P.,, Rebelo, A. & Pettersen, S. A. Positional differences in peak- and accumulated- training load

relative to match load in elite football. Sports 8, https://doi.org/10.3390/sports8010001 (2020).

Oliva-Lozano, ]. M., Muyor, J. M., Fortes, V. & McLaren, S. ]. Decomposing the variability of match physical performance
in professional soccer: Implications for monitoring individuals. European Journal of Sport Science 21, 1588-1596, https://doi.org/
10.1080/17461391.2020.1842513 (2021).

Pettersen, S. D., Adolfsen, F. & Martinussen, M. Psychological factors and performance in women’ football: A systematic review.
Scandinavian Journal of Medicine & Science in Sports 32, 161-175, https://doi.org/10.1111/sms.14043 (2022).

Winther, A. K. et al. Position specific physical performance and running intensity fluctuations in elite women’s football. Scandinavian
Journal of Medicine & Science in Sports 32, 105-114, https://doi.org/10.1111/sms.14105 (2021).

Impellizzeri, E. et al. Use of rpe-based training load in soccer. Medicine & Science in Sports & Exercise 36, 1042-1047, https://doi.
0rg/10.1249/01.MSS.0000128199.23901.2F (2004).

McGuigan, M. R. & Kane, M. K. Reliability of performance of elite olympic weightlifters. The Journal of Strength and Conditioning
Research 18, 650-653,, https://doi.org/10.1519/12312.1 (2004).

Paton, C. D. & Hopkins, W. G. Variation in performance of elite cyclists from race to race. European Journal of Sport Science 6, 25-31,
https://doi.org/10.1080/17461390500422796 (2006).

Pedersen, S. et al. Maximal strength, sprint, and jump performance in high-level female football players are maintained with a
customized training program during the covid-19 lockdown. Frontiers in Physiology 12, https://doi.org/10.3389/fphys.2021.623885
(2021).

Pappalardo, L. et al. A public data set of spatio-temporal match events in soccer competitions. Scientific Data 6, 236, https://doi.
org/10.1038/541597-019-0247-7 (2019).

Feng, N. et al. Sset: a dataset for shot segmentation, event detection, player tracking in soccer videos. Multimedia Tools and
Applications 79, 28971-28992, https://doi.org/10.1007/s11042-020-09414-3 (2020).

Gao, X. et al. Automatic key moment extraction and highlights generation based on comprehensive soccer video understanding. In
Proceedings of the IEEE International Conference on Multimedia Expo Workshops (ICMEW), 1-6, https://doi.org/10.1109/
ICMEW46912.2020.9106051 (2020).

Panse, N. & Mahabaleshwarkar, A. A dataset & methodology for computer vision based offside detection in soccer. In Proceedings of
the International Workshop on Multimedia Content Analysis in Sports (MMSports), 19-26, https://doi.org/10.1145/3422844.3423055
(2020).

SCIENTIFIC DATA | (2024) 11:553 | https://doi.org/10.1038/s41597-024-03386-x 17


https://doi.org/10.1038/s41597-024-03386-x
http://www.github.com/simula/soccermon
https://doi.org/10.1055/s-0030-1247546
https://doi.org/10.1097/00005768-199903000-00018
https://doi.org/10.1123/ijspp.2014-0484
https://doi.org/10.1080/02640414.2016.1176228
https://doi.org/10.1371/journal.pone.0198115
https://doi.org/10.3389/fphys.2018.01288
https://doi.org/10.1371/journal.pone.0200019
https://doi.org/10.1371/journal.pone.0214952
https://doi.org/10.3390/sports8010001
https://doi.org/10.1080/17461391.2020.1842513
https://doi.org/10.1080/17461391.2020.1842513
https://doi.org/10.1111/sms.14043
https://doi.org/10.1111/sms.14105
https://doi.org/10.1249/01.MSS.0000128199.23901.2F
https://doi.org/10.1249/01.MSS.0000128199.23901.2F
https://doi.org/10.1519/12312.1
https://doi.org/10.1080/17461390500422796
https://doi.org/10.3389/fphys.2021.623885
https://doi.org/10.1038/s41597-019-0247-7
https://doi.org/10.1038/s41597-019-0247-7
https://doi.org/10.1007/s11042-020-09414-3
https://doi.org/10.1109/ICMEW46912.2020.9106051
https://doi.org/10.1109/ICMEW46912.2020.9106051
https://doi.org/10.1145/3422844.3423055

www.nature.com/scientificdata/

21. Deliége, A. et al. SoccerNet-v2: A dataset and benchmarks for holistic understanding of broadcast soccer videos. In 2021 IEEE/CVF
Conference on Computer Vision and Pattern Recognition Workshops (CVPRW), 4503-4514, https://doi.org/10.1109/
CVPRW53098.2021.00508 (2021).

22. Pettersen, S. A. et al. Soccer video and player position dataset. In Proceedings of the ACM Multimedia Systems Conference (MMSys),
18-23, https://doi.org/10.1145/2557642.2563677 (2014).

23. Song, Z. et al. Distractor-aware tracker with a domain-special optimized benchmark for soccer player tracking. In Proceedings of the
International Conference on Multimedia Retrieval (ICMR), 276-284, https://doi.org/10.1145/3460426.3463629 (2021).

24. Pettersen, S. A., Johansen, H. D., Baptista, I. A. M., Halvorsen, P. & Johansen, D. Quantified soccer using positional data: A case
study. Frontiers in Physiology 9, https://doi.org/10.3389/fphys.2018.00866 (2018).

25. Andreassen, K. et al. Real-time analysis of physical performance parameters in elite soccer. In 2019 International Conference on
Content-Based Multimedia Indexing (CBMI), 1-6, https://doi.org/10.1109/CBMI.2019.8877422 (2019).

26. Baptista, L. et al. The variability of physical match demands in elite women’s football. Science and Medicine in Football 6, 559-565,
https://doi.org/10.1080/24733938.2022.2027999 (2022).

27. Wiik, T. et al. Predicting peek readiness-to-train of soccer players using long short-term memory recurrent neural networks.
In Proceedings of the International Conference on Content-Based Multimedia Indexing (CBMI), 1-6, https://doi.org/10.1109/
CBMI.2019.8877406 (2019).

28. Johansen, H. D., Johansen, D., Kupka, T., Riegler, M. A. & Halvorsen, P. Scalable infrastructure for efficient real-time sports analytics.
In Companion Publication of the 2020 International Conference on Multimodal Interaction, ICMI 20 Companion, 230-234,
https://doi.org/10.1145/3395035.3425300 (Association for Computing Machinery, New York, NY, USA, 2021).

29. Kulakou, S. et al. Exploration of different time series models for soccer athlete performance prediction. Engineering Proceedings 18,
https://doi.org/10.3390/engproc2022018037 (2022).

30. Hutson, M. Artificial intelligence faces reproducibility crisis. Science 359, 725-726, https://doi.org/10.1126/science.359.6377.725
(2018).

31. Hoang, T. T. pmSys: Implementation of a digital Player Monitoring System. Master’s thesis, University of Oslo (UiO). http://urn.nb.no/
URN:NBN:no-49204 (2015).

32. Vuong, K. PmSys: a monitoring system for sports athlete load, wellness & injury monitoring. Master’s thesis, University of Oslo (UiO).
http://urn.nb.no/URN:NBN:no-49343 (2015).

33. Nguyen, C. N. Implementation of a digital Player Monitoring System: pmSys. Master’s thesis, University of Oslo (UiO). http://urn.
nb.no/URN:NBN:no-49189 (2015).

34. Malone, J. ], Lovell, R,, Varley, M. C. & Coutts, A. J. Unpacking the black box: applications and considerations for using gps devices
in sport. International journal of sports physiology and performance 12, S2-18 (2017).

35. Midoglu, C. et al. SoccerMon: A large-scale multivariate soccer athlete health, performance, and position monitoring dataset.
Zenodo https://zenodo.org/doi/10.5281/zenodo.10033832 (2022).

36. Oguiza, I. tsai - a state-of-the-art deep learning library for time series and sequential data. https://github.com/timeseriesAl/tsai
(2024).

37. Bradley, P. S. & Vescovi, J. D. Velocity thresholds for women’s soccer matches: Sex specificity dictates high-speed-running and
sprinting thresholds—female athletes in motion (faim). International journal of sports physiology and performance 10, 112-116
(2015).

38. Trewin, J., Meylan, C., Varley, M. C. & Cronin, J. The match-to-match variation of match-running in elite female soccer. Journal of
science and medicine in sport 21, 196-201 (2018).

39. G. Sydney, M., Wollin, M., W. Chapman, D., Ball, N. & K. Mara, J. Do conditioning focused various-sided training games prepare
elite youth male soccer players for the demands of competition? Biology of Sport 39, 825-832, https://doi.org/10.5114/
biolsport.2022.109454 (2022).

40. Aldous, J. W. et al. The reliability and validity of a soccer-specific nonmotorised treadmill simulation (intermittent soccer
performance test). The Journal of Strength & Conditioning Research 28 (2014).

41. The Pandas Development Team. pandas-dev/pandas: Pandas. Zenodo https://doi.org/10.5281/zenodo.3509134 (2020).

42. Hoel, L. Using Soccer Athlete GPS Monitoring Data to Visualize and Predict Features. Master’s thesis, University of Oslo (UiO).
http://hdl.handle.net/10852/103909 (2023).

43. Jarmann, A. L. Identifying Injury Risk Factors for Elite Soccer Teams Using Survival Analysis. Master’s thesis, University of Oslo (UiO).
http://hdlLhandle.net/10852/103907 (2023).

44. Sagbakken, M. M. Using Machine Learning to Predict Elite Female Athletes’ Readiness to Play in Soccer. Master’s thesis, University of
Oslo (UiO). http://hdl.handle.net/10852/103962 (2023).

Acknowledgements

This work was partially funded by the Tromse Research Foundation (FFRC: Female Football Research Centre),
UiT The Arctic University of Norway, and the Norwegian Research Council (AI-Producer, project number:
327717 and Al-Storyteller, project number: 346671). The funding bodies had no role in the study itself or in the
writing of this paper.

Author contributions

C.M., AKW,NR,S.AP,DJ, M.AR. and PH. conceived the experiments, A.K.W., M.B. and N.R. conducted
the experiments, C.M., AKX.W,, M.B,, TK,, S.A.P, H].D,, D.J., M.A.R. and P.H. prepared and cleaned the data for
publication, all authors analyzed the results and reviewed the manuscript.

Funding
Open access funding provided by OsloMet - Oslo Metropolitan University.

Competing interests

Authors T.K., HJ.D., D.J., and PH. own shares in the Forzasys AS company which develops data collection
systems and solutions for Al-based analysis of sports data, among other products. The PmSys system from
Forzasys AS was used to collect the subjective reports, but there is no commercial interest from the company
regarding this publication or the SoccerMon dataset. Otherwise, the authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to C.M.

Reprints and permissions information is available at www.nature.com/reprints.

SCIENTIFIC DATA | (2024) 11:553 | https://doi.org/10.1038/s41597-024-03386-x 18


https://doi.org/10.1038/s41597-024-03386-x
https://doi.org/10.1109/CVPRW53098.2021.00508
https://doi.org/10.1109/CVPRW53098.2021.00508
https://doi.org/10.1145/2557642.2563677
https://doi.org/10.1145/3460426.3463629
https://doi.org/10.3389/fphys.2018.00866
https://doi.org/10.1109/CBMI.2019.8877422
https://doi.org/10.1080/24733938.2022.2027999
https://doi.org/10.1109/CBMI.2019.8877406
https://doi.org/10.1109/CBMI.2019.8877406
https://doi.org/10.1145/3395035.3425300
https://doi.org/10.3390/engproc2022018037
https://doi.org/10.1126/science.359.6377.725
http://urn.nb.no/URN:NBN:no-49204
http://urn.nb.no/URN:NBN:no-49204
http://urn.nb.no/URN:NBN:no-49343
http://urn.nb.no/URN:NBN:no-49189
http://urn.nb.no/URN:NBN:no-49189
https://zenodo.org/doi/10.5281/zenodo.10033832
https://github.com/timeseriesAI/tsai
https://doi.org/10.5114/biolsport.2022.109454
https://doi.org/10.5114/biolsport.2022.109454
https://doi.org/10.5281/zenodo.3509134
http://hdl.handle.net/10852/103909
http://hdl.handle.net/10852/103907
http://hdl.handle.net/10852/103962
http://www.nature.com/reprints

www.nature.com/scientificdata/

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International
Cam | icense, which permits use, sharing, adaptation, distribution and reproduction in any medium or

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

SCIENTIFIC DATA | (2024) 11:553 | https://doi.org/10.1038/s41597-024-03386-x 19


https://doi.org/10.1038/s41597-024-03386-x
http://creativecommons.org/licenses/by/4.0/

	A large-scale multivariate soccer athlete health, performance, and position monitoring dataset

	Background & Summary

	Methods

	Collection of subjective reports. 
	Collection of objective reports. 

	Data Records

	Subjective metrics. 
	Objective metrics. 

	Technical Validation

	Validation of subjective metrics. 
	Validation of objective metrics. 
	Combined validation. 

	Usage Notes

	Acknowledgements

	Fig. 1 Reporting of sRPE in PmSys.
	Fig. 2 Reporting of wellness in PmSys.
	Fig. 3 Reporting of injuries in PmSys.
	Fig. 4 Reporting of illnesses in PmSys.
	Fig. 5 Reporting of game performance in PmSys.
	Fig. 6 STATSports GPS tracker in vest during training.
	Fig. 7 Distribution of the number of training sessions per player, presented as boxplots for each team and year.
	Fig. 8 Overview of the location and severity of injuries reported by both teams over two years.
	Fig. 9 Folder structure for the first part of the SoccerMon dataset (subjective).
	Fig. 10 Number of GPS sessions per player, presented as a bar chart indicating anonymized player UUID, year, and month (top: Team A, bottom: Team B).
	Fig. 11 Number of GPS sessions per team, presented as a bar chart indicating team, year, and month.
	Fig. 12 Folder structure for the second part of the SoccerMon dataset (objective).
	Fig. 13 Correlation matrix of the self-reported subjective parameters in SoccerMon.
	Fig. 14 Actual and predicted values for the readiness-to-train parameter for a player from Team A.
	Fig. 15 Measurement of the GPS accuracy for 7 players running on the lines around the pitch for two laps.
	Fig. 16 Correlation matrix of the features derived from objective parameters in SoccerMon.
	Fig. 17 Distance covered during the peak 1-min, the next 5-min, and the mean 5-min period for: (A) total distance, (B) high-speed distance, (C) sprint distance, (D) acceleration distance, and (E) deceleration distance.
	Fig. 18 Correlation matrix of a subset of the combined subjective and objective parameters in SoccerMon.
	Table 1 Overview of subjective report parameters collected using the PmSys system.
	Table 2 Overview of additional training load metrics calculated from the raw parameters (session duration and RPE) in the training load reports.
	Table 3 Overview of objective report parameters collected using the STATSports system.
	Table 4 Overview of all data records in the SoccerMon dataset, in terms of the number of metrics and samples per report type.




