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Abstract

Objective. Participation in sports has become an essential part of healthy living in today’s world.
However, injuries can often occur during sports participation. With advancements in sensor
technology and data analytics, many sports have turned to technology-aided, data-driven, on-field
monitoring techniques to help prevent injuries and plan better player management. Approach. This
review searched three databases, Web of Science, IEEE, and PubMed, for peer-reviewed articles on on-
field data monitoring techniques that are aimed at improving the health and well-being of team-sports
athletes. Main results. It was found that most on-field data monitoring methods can be categorized as
either player workload tracking or physical impact monitoring. Many studies covered during this
review attempted to establish correlations between captured physical and physiological data, as well as
injury risk. In these studies, workloads are frequently tracked to optimize training and prevent
overtraining in addition to overuse injuries, while impacts are most often tracked to detect and
investigate traumatic injuries. Significance. This review found that current sports monitoring practices
often suffer from alack of standard metrics and definitions. Furthermore, existing data-analysis
models are created on data that are limited in both size and diversity. These issues need to be addressed
to create ecologically valid approaches in the future.

1. Introduction

Many people start engaging in sports at a young age, and there has been a clear upward trend in organized sports
participation across many age groups worldwide since the 1970s (Wheeler 2012). One of the most popular forms
of organized sports is team-based sports, which includes common sports such as soccer, American football,
rugby, basketball, baseball, ice hockey, etc, many of which are played at competitive levels among various age
groups. Participation in sports comes with a wide range of physical and mental health benefits (Warburton et al
2006), but it also has certain risks. Taking part in team sports can lead to acute injuries and even permanent
disabilities, with young adults at their physical prime exhibiting the highest injury rate (Kujala et al 1995). Sports
that involve more frequent and powerful body contact have reported higher overall injury rates, and there is also
a clear indication that injury rates are higher during competition than during practice (Kujala et al 1995). On top
of accidental injuries, participation in team sports can also lead to health drawbacks when it is poorly managed.
Opverly intense training sessions and competitions can lead to burnouts and overuse injuries (DiFiori er al 2014).
Burnout due to overtraining can result in declines in physical performance (Cardoos 2015). It can potentially
lead to both physiological and psychological symptoms, and even affect the immune system (Cardoos 2015,
Keaney et al 2018). Recovery time may vary from days to months depending on the severity (Cardoos 2015).
Overuse injuries can sometimes lead to a significant loss of time from sports, and severe overuse injuries can
even threaten future sports participation (DiFiori et al 2014). In the long run, scenarios such as accumulated
head injuries can lead to chronic traumatic encephalopathy (CTE) and significantly increase the risk of
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developing Alzheimer’s disease (AD), Parkinson’s disease (PD), and possibly amyotrophic lateral sclerosis (ALS)
(Ling etal 2015, Vanltallie 2019). In addition to having negative health impacts on the athletes, sports injuries are
also a huge financial burden. One study shows that the average cost of sports-related medical treatments among
youth aged 5-18 years is over £20 million a year in Florida (USA) alone (Ryan et al 2019). Due to these health and
financial drawbacks, a clear need for developing suitable injury prevention methods and risk management
approaches exists. The scale and complexity of the problems faced require sophisticated data-driven and
analytical solutions. These

Analytics in sports was first attempted in the 1950s by Charles Reep and Bernard Benjamin, who manually
recorded tactical data and game states from professional soccer games (Apostolou and Tjortjis 2019). In recent
decades, data analytics in sports have gained popularity thanks to advances made in computer vision and sensor
technologies. Early sports analytics devices were made to track players’ movements, and help coaches analyze
tactical performance post-game (Apostolou and Tjortjis 2019). More recently, player-tracking devices have been
made to capture physical and physiological data from athletes unobtrusively in an on-field setting. Data from
these player-tracking devices give the coaches the potential to monitor the health and physical states of their
players in real-time. This could allow the coaches to actively reduce the injury risks of the players by giving
certain players much-needed breaks in training and substituting overexerted players in the game. Being able to
capture the players’ physical demands in-game can allow coaches to create more game-relevant training
routines. In practice, tracking players’ physical expenditure in practice can help avoid overtraining and protect
the players from injuries and illnesses (Drew and Finch 2016). With all these exciting possibilities in mind, the
International Football Association Board principally allowed the usage of wearable player tracking devices
during games (Lutz et al 2020), and many other sports soon followed (Apostolou and Tjortjis 2019). The purpose
of this topical review is to analyze the current practices of on-field data analytics in team-based sports which
could help to improve the health and well-being of the athletes. This review will also highlight some of the novel
techniques currently in development.

2. Methods

For this review, three databases, Web of Science, I[EEE, and PubMed were searched using keywords connected by
Boolean operators. The set of keywords used was: 1. (((‘team’ OR ‘team-based’) AND (‘sport’ OR ‘sports’)) OR
(‘football’ OR ‘soccer’ OR ‘Australian Rules’ OR ‘baseball’ OR ‘basketball’ OR ‘hockey’ OR ‘rugby’)) 2.
(‘monitor’ OR ‘monitoring’ OR ‘track’ OR ‘tracking’) 3. (‘health’ OR ‘well-being’ OR ‘wellbeing’ OR ‘injury’ OR
‘impact’ OR ‘performance’ OR ‘exertion’ OR ‘overexertion’ OR ‘fatigue’ OR ‘recovery’), and the three fields are
connected by the Boolean operator AND. The keywords were searched in Topic Field for Web of Science, All
Metadata for [EEE, and Title/Abstract for PubMed. All papers published before October 2021 were included in
this search.

This review aims to investigate how physical and physiological data captured on-field can help improve
athletes’ health and wellbeing. Studies that use player-monitoring systems to investigate tactical performance,
technical performance, or team dynamics are excluded. Papers that describe data capture frameworks without
discussing their relevance to improving athletes” health or wellbeing are also excluded. In the search terms, we
have specifically included the most popular competitive team-based sports with high revenue generation, based
on reports from professional sports leagues, since they are the most likely to invest in or explore player-
monitoring techniques, though, studies based on other team-based sports are not excluded if they are on-topic.
Only papers published in English are included in this review. The retrieved papers were categorized. A time-
series trend analysis was done, using a Mann-Kendall test, to analyze the growth of respective topics within
the field.

3. Findings and discussions

The literature search found 2584 papers. After screening through the retrieved papers using the parameters
defined above, 252 papers were found to fit the eligibility criteria. Two major categories of monitoring methods
were identified, with 200 papers discussing workload tracking, 44 papers discussing impact monitoring, and 6
papers discussing both. Within impact monitoring, there is a strong focus on head impacts (n = 40). There were
also 6 papers found that reported monitoring methods that do not fall under those two categories, 4 of which
reported these methods alongside workload and impact monitoring. Such methods include biochemical sensors
for monitoring hydration levels, COVID-19 exposure monitoring via positional data, etc. Figure 1 shows the key
locations of monitoring devices found in current literature.

A Mann-Kendall Test on the number of studies published on workload monitoring for the past 10 years
gives a Kendall Score of S = 49 and a two-sided p-value of p = 0.000 17, strongly suggesting there has been an
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Figure 1. Types of monitoring devices based on placement. Head sensors are placed on e.g. helmets, headbands, caps or stick patches.
Eye placement includes smart contact lenses, whilst sensing in the oral cavity is often done by an instrumented mouthguard. A shirt or
strap is regularly used for sensing physiological or positional data at the chest level. Ingestible sensors can be used for internal
monitoring (such as core temperature). The legs allow for a range of attachment possibilities including epidermal patches. Finally, off-
body (outer) techniques can be applied for non-contact sensing for which multi-camera video analysis is one of the most widely used
methods.

upward trend in workload related studies. A Mann-Kendall Test on the number of studies published on impact
monitoring for the past 10 years (S = 33, p =0.011), suggests that there has also been an upward trend in
workload-related studies. It was found that workload monitoring systems and measures have been adopted by
major sports teams as a routine part of their training and matches, while head impact monitoring systems are
still predominantly used as research devices. The following subsections will give a comprehensive synopsis of the
findings.

3.1. Workload monitoring

Sports participation has become an essential part of ensuring healthy living in today’s world. Team sports are
organized at a variety of skill levels and are played by people in all age groups. Sports participation can bring
tremendous benefits to both physical and mental health (Warburton et al 2006). However, there are risks that
come with participating in sports. Athletes can succumb to musculoskeletal injuries due to overuse of particular
body parts (DiFiori et al 2014). Muscle injuries can occur when the stresses and strains applied to body tissue
exceed the body tissues’ maximum capacities (Benson et al 2020). In addition to physical injuries, an athlete who
is over-reaching or overtraining can experience a drop in physical performance which requires time to recover
from, and can sometimes suffer from negative physiological symptoms (DiFiori et al 2014). One way of
mitigating all these risks is by monitoring the workloads endured by the player.

Athlete workloads can be divided into two types, internal and external loads. External loads are
quantifications of physical tasks performed by an athlete and are measured in objective movement-based
metrics (Benson et al 2020). Internal loads, on the other hand, are physiological and psychological responses an
athlete has towards the external workload and incorporate both objective physiological measures and subjective
measures of perceived exertion (Bourdon etal 2017). Table 1 shows a list of technology used to monitor internal
and external loading.

It was found that many workload monitoring methods can apply across a wide range of different sports, and
that most methods can be grouped into one of two sports groups, contact sports and throwing sports. The
differences in play styles between these two groups of sports have resulted in differently defined workload
measures that require the utilization of different monitoring techniques.

3.1.1. External workload monitoring in contact sports

External loads are often determined by positioning and accelerometry-based metrics in contact sports. By
capturing the players’ in-game external load demands and monitoring their training (external) loads, sports
trainers can optimize training sessions to better prepare their players for games (Oliva-Lozano et al 2020). Video
tracking via multi-camera systems was used to monitor players’ movements on the pitch and it was the most
common player tracking method in soccer until 2014 (Castellano et al 2014, Rico-Gonzélez et al 2020). Due to
the high cost and installation difficulties, multi-camera systems were only installed in official match stadia and
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Table 1. A list of methods used to measure internal and external loading in the literature.
Technology Mechanism Measures
External load
Cameras Multiple cameras placed at different angles

Global positioning system (GPS)

local positioning system (LPS)

Accelerometer/inertial measurement
unit (IMU) that are body-worn*

around the stadium; footages are used to track
player movements

Signal transmissions from multiple orbital satel-
lites and a ground-based receiver. The relative
delay in the signal is used to calculate the posi-
tion and speed of the receiver

Signal transmissions from multiple local anten-
nas and a ground-based receiver. The relative
delay in the signal is used to calculate the posi-
tion and speed of the receiver

A mass attached by a spring moves relative to two
electrodes under acceleration, changing the
capacitance

Positioning Data: Distance, Velocity,
Acceleration, Jerk

Derived Measures: PlayerLoad, Metabolic
Power, Number of Jumps, Number of
Turning Events, etc

* Pitch Count (for wrist-worn
technology)

Internal load

Subjective measures

Electrocardiogram (ECG)

Photoplethysmography (PPG)

Surface electromyography (EMG)

Ingestible temperature sensor

Epidermal patch/Biochemical sensing
mouthguard

Respiratory data sensing mouthguard

Near-infrared spectroscopy

Self-report surveys

Electrodes placed in a chest strap to measure elec-
trical activity from the heart

Optical sensor place over blood vessels to mea-
sure heart rate via light absorption and reflec-
tion by the blood

Electrodes placed on the skin to measure elec-
trical activity from muscles

Ingestible capsule with a temperature sensor and
atransmission circuit

Biochemical sensors that can measure chemical
concentrations in sweat or saliva

Respiratory information can be extracted from
breathing audio recorded by a microphone-
instrumented mouthguard

Optical sensor that uses the Beer-Lambert law of
light attenuation

Rating of perceived exertion (RPE), ses-
sion RPE, visual analogue scale, likert
scale, hooper’s index, etc

Heart rate, heart rate variability, training
impulse, etc

Muscle fatigue
Core temperature

Lactate and glucose concentrations as
indicators for muscle fatigue

Concentration of electrolytes can be used
to measure hydration level

Breathing (Sound) volume, breathing rate

Muscle oxygen saturation

were mostly used for match assessments (Rico-Gonzalez et al 2020). To allow sports teams that do not have

access to multi-camera positioning systems to track their players’ movements both in games and training, radio

frequency-based (RF) tracking systems such as global positioning systems (GPS) and local positioning systems
(LPS) have been adapted for sports purposes (Rico-Gonzalez et al 2020, Theodoropoulos et al 2020). A GPS
device can detect the location of its user through signals transmitted by four or more satellites and can determine

the user’s velocity via Doppler shift. GPS devices require reliable connections to satellites to function, so when a

sports facility does not have sufficient satellite coverage, such is the case for many indoor games (Benson et al
2020), LPS devices can be used in their place. LPS works on similar principles as GPS, with the satellites being
replaced by locally installed antennas. LPS systems are claimed to have pinpoint accuracy, though, at present,
their use has been limited due to the high cost of installation and calibration (Theodoropoulos et al 2020).
Common sports GPS devices in the present-day sample at 10 Hz, though some can go as high as 18 Hz.
While GPS devices can capture the position and velocity of players, they are less useful for observing rapid
acceleration and change in direction due to their low refresh rate and their inability to determine orientation. To
address this, many GPS-based sports monitoring systems are integrated with inertial sensor units (IMU) that
consist of accelerometers, gyroscopes, and magnetometers. Most IMUs used in workload monitoring can record
at 100-120 Hz (Theodoropoulos et al 2020). Today, the most popular implementation of this technology is an
integrated system that consists of a GPS, an IMU, and a heart rate (HR) monitor. An example of this is the
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Catapult Vector (Catapult Innovations, Scoresby, Australia) which has an up to 18 Hz GPS, a 100 HzIMU, an
electrocardiogram (ECG) derived HR monitor, and an ultra-wideband LPS receiver.

There is a common set of external load variables derived from the position-tracking systems mentioned
above. The basics are the total distance (TD), velocity, and acceleration (Bourdon et al 2017, Theodoropoulos
etal2020). There are a large number of external load measures derived from these base measurements, often asa
data zoning of some sort, or a new measure calculated from the base measures using an algorithm. The
frequencies of certain physical actions are derived from these measures and added up as external load measures,
such as the frequency of turns and the number of jumps (Benson et al 2020). Jerk may be derived from the
acceleration and used as an external load measure as is seen in the case of PlayerLoad by Catapult (Boyd et al
2011).

A commonly used external load measure calculated from the basic measures is the ‘metabolic power’. The
‘metabolic power’ is an energy exertion estimation obtained from acceleration by establishing an equivalence
between accelerating on a plane surface with walking uphill at a constant speed (Di Prampero et al 2005). The
‘metabolic power’ does not account for interpersonal variability. In addition, the ‘metabolic power’ does not
account for the energy used to overcome friction and air resistance at a constant speed.

There exists a large number of external load zoning metrics, such as high-speed distance covered (zoning of
speed), sprint-running distance (zoning of either speed or acceleration depending on the study), acceleration
intensity (zoning of acceleration), and so on (Benson et al 2020, Rago et al 2020, Theodoropoulos et al 2020).
Most papers covering these metrics have their own definition of terms such as ‘high-speed’ or ‘sprint” and have
their own ideas of how to set the thresholds for each zone (Benson et al 2020, Kupperman and Hertel 2020, Rago
etal 2020, Theodoropoulos et al 2020). One review found that the minimum threshold for ‘high-speed’ running
in the literature varies from 14.4 to 24 km h ™!, and the minimum threshold for ‘sprinting’ varies from 19.8 to
25.3 km h ™" across different studies (Kupperman and Hertel 2020). These discrepancies make comparisons
between different external load studies nearly impossible.

3.1.2. Internal workload monitoring in contact sports

Internal loads, in contrast to external loads, are not always captured in objective terms. One of the most
frequently used methods to capture internal loads is Borg’s scale of perceived exertion (RPE). RPE is used to
quantify the conscious sensation of exertion (Nicold et al 2016). There are a few variations of RPE in the
literature today, though they are all based on the same principle: subjective numerical measures based on the
surveyed responses of the monitored athlete. The RPE has numerical values corresponding to verbal descriptors
at some of the points on the scale. One way the RPE variations can differ from one another is the scaling of the
numerical values corresponding to different verbal feedbacks. Another difference between some of the RPE
variations is the time scale over which the RPE is captured. For example, the session RPE (sRPE), which is
commonly used in conjunction with GPS systems in studies that aim to capture sports demands, is a one-off
measure taken at the end of a sports session. There are a few other subjective internal load measures like the RPE,
which aim to capture the perceived exertion of the athlete. Such measures include the visual analogue scale
(VAS), which is a linear scale with two anchor points at the two extremes; and Likert scale, an RPE-like
numerical scale with numerical descriptors at every point (Grant et al 1999). Some survey-based internal load
measures also aim to include the athletes’ conditions prior to the match. One example of this is the Hooper’s
Index, which includes self-perceived ratings of fatigue, stress, delayed onset muscle soreness, and sleep (Haddad
etal2013).

Whilst these subjective measures are often linked to the level of physical effort, they are also sensitive to
stressors beyond physical effort such as psychological and environmental factors. And the surveying aspect, in
practice, often requires a series of training and familiarization sessions between the athletes and dedicated
coaches to produce consistent outputs, making them impractical to use at many levels of play (e Bueno et al
2021). The surveying aspect also means that these measures are limited to non-realtime use, and cannot perform
continuous monitoring throughout a session. All these limitations suggest that while subjective internal load
measures provide insightful information on the athletes, they are not suitable as an on-field monitoring method
on asession basis, but rather as something tracked over a long period.

On the objective end of internal loading measurement, the rate of oxygen consumption (VO2) has long been
used as a measure of performance and exertion in sports science. However, to directly measure VO2 requires the
use of obtrusive metabolic devices unfit for on-field monitoring. Heart rate (HR) is often used as an on-field
measure for evaluating the intensity of exercise and has been shown to have a linear relationship with VO2 over a
large range of submaximal intensities (Li et al 2016). Researchers have developed a series of HR-derived
measures to evaluate internal loads, these include the ratio between the actual HR and the maximum HR, the
ratio between the actual HR and the resting HR, binning of the ratios into different intensity zones, heart rate
variability (HRV), and training impulse (TRIMP) which is computed from heart rate and duration (Stagno et al
2007, Bourdon et al 2017, Colosio et al 2020). There are numerous studies on the abilities of HR-related metrics
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to capture fatigue and performance in various sports, though the actual effectiveness of these measures has been
brought into question. Contradictory findings can be found in the literature and a better understanding of the
science behind HR is pointing towards these HR-based measures being potentially a useful part of a
multidimensional internal load monitoring system rather than as robust measures of performance, fatigue, and
well-being in themselves (Schneider et al 2018).

Alternative measures of internal loads have been investigated using different types of physiological sensors.
Near-infrared spectroscopy (NIRS) muscle oximeters can measure muscle oxygen saturation (SmO2) using the
Beer-Lambert law of light attenuation. Vasquez-Bonilla et al (2021) tested the use of a portable NIRS system with
women soccer players in small-sided games, and found that SmO2 can be a useful measure for evaluating fatigue
in players. Biochemical sensors that can detect electrolytes in sweat, and lactate and glucose concentrations in
saliva and sweat have been built into integrated mouthguards and epidermal patches (Seshadri et al 2016,
Seshadrietal2019,2019). Lactate and glucose concentrations can be used as indicators of fatigue level, and
electrolytes can be used to monitor hydration (Seshadri et al 2019). A practice that has gained traction at
professional levels in recent years is core body temperature sensing in the form of an ingestible pill (Muniz-
Pardos et al 2021). While this practice is effective, a less invasive and affordable alternative is desired at lower
levels of play. A study has shown that respiratory rate (RF) can be used as a marker of physical effort and has a fast
response to work-recovery alternation when compared to HR (Nicolo et al 2020). An oral-cavity-based sensor
system has been developed that captures breathing data (including RF) and found that breathing parameters can
be used to accurately estimate one’s exertion level (e Bueno et al 2021).

There is a wide array of physiological sensors that can offer realtime continuous on-field monitoring of
players’ internal loads in objective ways, which will allow for more timely intervention that will prevent athletes
from harm. Moving forward, internal loads should ideally be determined using more objective measures based
on physiological parameters rather than subjective self-reported measures. In addition, future investigations
should put a focus on how these measures relate to an athlete’s likelihood of injury and long-term health.

3.1.3. Workload monitoring in throwing sports

Throwing athletes, such as baseball and softball pitchers, have a completely different set of physical demands
compared to contact team sports athletes. As such, throw athletes require different workload measures and
monitoring systems. Overuse injuries, often in the shoulder and elbow of the throwing arm, constitute more
than half of the injuries experienced by baseball pitchers (Dowling et al 2020). Pitch count is one of the
conventional external load measures for baseball pitchers. Higher pitch counts have been linked to higher
chances of experiencing pain or injuries (Dowling et al 2020). Baseball guidelines have been introduced for
adolescent players to restrict pitch counts in hope of reducing overuse injuries in pitchers, though implementing
such guidelines requires coaches and players to have the awareness and resources to monitor the players.
Schweiger et al (2020) developed a wristband with a built-in IMU sensor that can detect and count throwing and
pitching events. They demonstrated excellent accuracy in their initial test, successfully identifying all 161
throwing events in their test set with only one false positive. Another way to monitor workloads in pitchers is via
surface electromyography (EMG) (Hettiarachchi et al 2019). EMG electrodes are not obtrusive to gameplay in
baseball as it is a non-contact sport, and can thus be used on-field to monitor players’ muscle fatigue. In addition
to overuse injuries, pitchers can often injure themselves due to incorrect techniques (Stretch 1995). Along with
pitch count and muscle fatigue monitoring, IMUs and surface EMGs can also be used to objectively screen a
player’s throwing technique (Hettiarachchi et al 2019). Surface EMGs can be used to monitor the muscle
activation pattern of the relevant muscles during a throw (Hettiarachchi et al 2019). This can provide insights
into a person’s throwing technique. Through observation oflow and high-risk muscle activation patterns,
potential risk factors can be identified (Hettiarachchi et al 2019). Another measurement that can provide a great
deal of information regarding a person’s throwing technique (and potential risk factors) is the joint angle
kinematics, which can be measured using a set of appropriately placed IMUs. These sensors have the potential to
improve injury prevention in throwing sports, especially in training for players who have yet to develop any
throwing skills.

3.1.4. Workload measures and injury rate predictions

One of the most popular injury prediction measures currently used in sports science is the acute:chronic
workload ratio (ACWR) (Kupperman and Hertel 2020). The acute workload is a measure of the current
workload and is typically averaged over a week; the chronic workload is a measure of the workload the athlete has
been prepared for and is typically averaged over 3—6 weeks. Time windows for both acute workloads and chronic
workloads can sometimes vary between different studies (Kupperman and Hertel 2020). The ACWR is based on
the theory that the acute workload is analogous to a state of fatigue and the chronic workload is analogous to a
state of fitness, and when combining the two into a ratio, an index of athlete preparedness is obtained (Murray
etal 2017, Kupperman and Hertel 2020). Studies have established correlations between this preparedness index
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and injury risks, with a higher ACWR value indicating a higher risk of injury (Murray et al 2017, Kupperman and
Hertel 2020). In theory, the ACWR can be calculated for any workload measure, either internal or external. Both
internal and external load ACWRs have been shown to positively correlate to injury risks (Murray et al 2017).
The average workloads in ACWR are either calculated as rolling averages (RA) that weigh workloads on all the
days equally or as exponentially weighted moving averages (EWMA) that weigh the workloads experienced on
more recent days greater than days further back in the past (Murray et al 2017, Kupperman and Hertel 2020). It’s
been found that EWMA-based ACWRs are more sensitive than RA-based ACWRs for detecting changes in
injury risks (Murray et al 2017). The validity of using ACWR to predict the risk of injury is highly debated within
sports science. One concern is that the popularity of ACWR is being propagated by editorials and commentary
articles rather than research papers with quantitative analyses and that there currently is not enough evidence to
validate its use (Kupperman and Hertel 2020). Another criticism against ACWR is that the acute workload is also
apart of the chronic load, which might create a correlation between the two irrespective of any biological or
physiological associations (Thornton et al 2019). Despite its popularity, there seems to be a pushback against
ACWR in recent years, with some recent studies showing strong evidence to reject any correlation between
ACWR and injury risk (West eral 2021).

Internal load measures and external load measures can be combined to paint a better picture of a player’s
physical state. The ratio between a player’s external load and internal load during a training session can be used
as a measure of the player’s workload efficiency, which can indicate the player’s fitness level (Griinbichler et al
2020). Internal loads and external loads can also be combined to train a machine learning model that is capable
of predicting injury risks. Vallance et al (2020) trained and compared various injury prediction machine learning
models based on internal and external load measures, and found models that use a combined input of internal
and external loads performed better than models that use either internal or external loads alone.

Currently, there is no consensus on how workload should be determined. There exists a large number of
variants of the base metrics as well as numerous ways different workload measures can be combined into hybrid
measures; one study reports up to 756 different combinations (Benson et al 2020). No clear conclusion can be
drawn on how to utilize workload monitoring for injury prevention, due to the heterogeneity of analytic
approaches in the literature, and this issue is worsened by the fact that not all studies have the same definition of
what constitutes an injury (Benson et al 2020). There is an overwhelmingly strong need for standardization in the
field of workload monitoring.

Nonetheless, there is little doubt that workload monitoring will become a standard practice in organized
sports in the future. Monitoring players’ workloads can potentially benefit the players’ health as well as their
growth as athletes. Such potential benefits include more optimized training based on game demands, lowered
risk of overtraining, injury prevention, and smoother return-to-play transitions after injuries in the future.
However, most studies on workload monitoring are based on statistically small data sets and are
disproportionately skewed towards high-level male athletes (Benson et al 2020, Kupperman and Hertel 2020,
Rago et al 2020). There is a need to collect data from a wider range of demographics. One of the potential
limitations to data collection right now is the existing monitor systems are only affordable to well-funded sports
entities. Future research should also include more developments of devices capable of measuring both internal
and external loads, especially affordable devices that will be accessible at all levels of play.

3.2. Impact monitoring

3.2.1. Miscellaneous collisions monitoring

Physical collisions between players as well as impacts between a player and the play surface are a common
occurrence in full-contact sports such as rugby football, Australian rules football, American football, and ice
hockey. Collisions can often take place during tackling and checking actions which are integral to these games.
These collisions can lead to soreness and muscle damage which may result in attenuated neuromuscular
performance and recovery (Naughton et al 2018). Tackling can also lead to injuries that cause players to miss
training and matches (Gabbett et al 2011). Monitoring collisions that contact sports players have to endure may
help to mitigate the risk of injury. As with in-game workload monitoring, learning more about in-game collision
loads can aid coaches in designing more specialized training and recovery strategies to better prepare their
players (Wellman et al 2017).

Collision loads are often quantified by the frequency and intensity of collisions (MacLeod et al 2018,
Naughton et al 2020). In the past, collision load monitoring was done via video analysis, the number of collisions
would be manually counted, and a perceived measure of collision intensity would be given following a
quantitative analysis of the footage (Naughton et al 2020). In more recent years, researchers have attempted to
quantify collision intensity more objectively by extracting collision velocity and acceleration from videos frame-
by-frame (Naughton et al 2020). These methods are time-consuming and can be prone to human errors and
biases.
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GPS systems for external load tracking have become widely accepted by most football-code sports ata
professional level. As stated previously, there are commercial systems that combine GPS with IMUs, which often
include a 100 Hz tri-axial accelerometer, a gyroscope, and a magnetometer. Due to the popularity of these
systems, many researchers have been attracted to investigate the viability of tracking collision load using IMUs
(Gabbetteral 2011, Gabbett eral 2014, Hulin et al 2017, MacLeod et al 2018). Attempts were made to identify
collision events from the kinematic data captured by IMUs, though there is only limited validation of such
systems in the literature (Naughton et al 2020). One validated collision detection algorithm found in the
literature works by thresholding the jerk-based PlayerLoad external load measure and detecting changes in
orientation of the IMU (Gabbett et al 2011, 2014, Hulin et al 2017, Naughton et al 2020). A collision is flagged
when the PlayerLoad spikes above 2 AU (Arbitrary Units) following a change in orientation of the IMU (Hulin
etal2017). This algorithm performs poorly when short-duration collisions (<1 s) and low-intensity collisions
(<1 AU)are included (Hulin et al 2017). When short-duration collisions and low-intensity collisions are
excluded, the algorithm achieves a sensitivity of 93.9% and a specificity of 91.7% (Hulin et al 2017). The inability
of this algorithm to accurately detect so-called short-duration collisions and low-intensity collisions is an innate
problem with thresholding. Perhaps, in the future, collision event detections can be made more accurate using
more dynamic algorithmic approaches.

When monitoring collision events using accelerometers, the collision intensity is determined by the
acceleration of the player due to the collision (Gabbett et al 2014, Wellman et al 2017, Naughton et al 2020). In
most studies, different ranges of acceleration are categorized into three severity levels, mild, moderate, and heavy
(Gabbett et al 2014, Wellman et al 2017, Naughton et al 2020). However, the acceleration ranges used for each
severity level vary across different studies, which makes it difficult to meaningfully compare their outputs
(Naughton et al 2020). Presently, there’s a clear need to standardize how collision intensity is quantified. In
addition, current collision monitoring methods do not discriminate between different types of collisions:
different types of collisions could have different implications on the athlete. Future work in collision monitoring
should include applying more sophisticated methods, such as machine learning, to differentiate types of
collisions (Naughton et al 2020).

3.2.2. Head impact monitoring

Shocks to the head are often of special interest when it comes to monitoring body impacts due to their potential
medical implications. Head impacts are often monitored with dedicated devices, separate from those measuring
general impacts. Whether it occurs through direct collisions between athletes in tackling and checking, contact
with the playing surface, or because of a blow to the head by a ball, traumatic brain injuries (TBIs) due to head
impacts are of great concern as they can compromise the athletes’ short and long-term health.

An estimated 300 000 sport-related concussions (mild TBIs) occur annually in the US alone, making up for
8.9% of all high school athletic injuries and 5.8% of all collegiate athletic injuries (Gessel et al 2007). Some studies
suggest that concussions only make up for between 8% to 19.2% of sports-related TBIs, making the number of
US annual sports-related TBIs somewhere between 1.6 million and 3.8 million (Langlois et al 2006). On-field
diagnoses of TBIs often rely on self-reports from the affected athletes. This can sometimes lead to
underreporting of TBIs, potentially due to transient or delayed symptoms, or players’ unwillingness to leave play
(McCrea et al 2004, Williamson and Goodman 2006, LaRoche et al 2016). Despite the recent evidence that has
shown that policy changes can help reduce underreported incidents (LaRoche et al 2016), an objective way to
detect injurious head impacts in real-time is still warranted.

Head impacts are often analyzed as two separate mechanisms, translational (linear) movements and
rotational (angular) movements. Both large linear accelerations (LA) and angular accelerations (AA) of the head
canlead to injurious strains on the brain, with the latter associated with a higher risk of injury (Bailes and
Cantu 2001). Due to the nature of TBIs, human experiments with deliberate injurious head impacts cannot be
carried out, making acquiring data for TBI studies difficult. Human cadavers and medical phantoms have been
used in place of a live human in many past studies to grant insight on TBIs (Hardy et al 2007, McAllister et al
2012, Yang et al), though, how representative these substitutes are of the biomechanics of live humans remains
an open question (Hardy et al 2007, McAllister et al 2012, Yang et al). And as of now, many of the clinical
implications associated with head impacts sustained by athletes remain unknown (Bartsch et al 2020, Mihalik
etal 2020).

In recent years, sensor systems have been developed to capture head kinematics of contact-sport athletes on-
field to help bridge the gap between head impact data and TBIs, while simultaneously offering solutions to help
flag TBIs in athletes in real-time. Development of such systems first started in American football, taking the
forms of accelerometer arrays, such as the Head Impact Telemetry (HIT) System (Simbex, Lebanon, NH, USA),
or inertial sensor units (IMU), such as the gForce Tracker (GFT) (Artaflex Inc., Markham, Ontario, Canada),
which could be integrated into American football helmets (Campbell et al 2016, Siegmund et al 2016, Brennan
etal2017, O’Connor et al 2017). These helmet-mounted sensor systems can measure kinematics in six degrees of
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freedom, three linear and three rotational, and can estimate the location of head impact based on the kinematics.
Raw kinematic data from these systems are often put through a correction algorithm to output the LA and AA at
the center of mass of the head (Campbell et al 2016). These techniques have also been adopted by other sports
that include helmets in their kits, such as ice hockey and lacrosse. It has been reported that the accuracy of these
systems is heavily influenced by the shape of the helmets they are in (Siegmund et al 2016, Buice et al 2018). Many
limitations of these systems have been identified, with one of the greatest limitations being that helmets can
move relative to the players’ heads, especially when under impact. The helmet-mounted systems cannot account
for the relative movements between the helmet and the head, which can lead to overestimated acceleration
values when the helmet moves more than the head (O’Connor et al 2017). The HIT system, in particular, has also
been critiqued for its high price and limited compatibility with different helmet models (Merrell et al 2017).
Furthermore, these systems can only be deployed in sports that use helmets, but TBIs are present in many sports
that do not use helmets.

To accommodate for more sports, nonhelmeted systems with IMUs have been developed in the form of
headbands, skullcaps, mouthguards, or xPatch (X2 Biosystems, Seattle, WA, USA)—a stick-patch that goes
behind the ear (Brennan et al 2017, Cummiskey et al 2017, Merrell et al 2017, O’Connor et al 2017, Bartsch et al
2020), with the latter two also addressing the issue of relative motions between the sensors and the player’s head.
Like their helmeted counterparts, these nonhelmeted systems are designed to measure head kinematics and
impact locations. These systems come with their own limitations. The accuracy of the stick patches can be
affected by skin motions. And data transmission from the mouthguards can be affected by saliva accumulation
(O’Connoretal 2017).

In validation studies for these head-kinematics-based impact-monitor-systems, a Hybrid III (General
Motors, Detroit, Michigan, USA) headform instrumented with sensors is often used as a reference for the
measured kinematics (Duma et al 2005, Jadischke et al 2013, Campbell et al 2016, Siegmund et al 2016,
Cummiskey etal 2017, Merrell etal 2017, O’Connor et al 2017, Buice et al 2018, Bartsch et al 2020). The design of
validation studies can sometimes be over-idealized and not representative of real-world usages. For instance,
press-fitting a helmeted system onto the headform and effectively making the helmet and headform move as a
single rigid unit (Duma et al 2005, Cummiskey et al 2017). Validation of the same device under more realistic
conditions found much higher errors in the measurements (Duma et al 2005, Jadischke et al 2013, Cummiskey
etal2017). Cummiskey et al (2017) compared the accuracy of 2 commercially available helmet-mounted
systems and 3 commercially available head-mounted systems and found that the head-mounted systems
consistently outperformed helmet-mounted systems under lab settings. They suggested this was due to relative
motions between the helmet and the headform, and since relative motions between the helmet and the player’s
head are present in real life, this finding cannot be dismissed. Thus, Cummiskey et al concluded that to most
accurately capture head acceleration events, it is necessary to mount the sensor system directly to the head.
Cummiskey et al further suggested that under real-world conditions, the accuracy of the head-mounted systems
such as the xPatch can be affected by skin motion, and therefore, moving forward, mouthguard-based sensors
may be the most promising.

In terms of the actual measurement accuracies of these systems, the measurement quality can differ for
different impact locations. Furthermore, inconsistent measurement accuracies of identical systems have been
reported across different peer-reviewed works. The HIT System, for example, when compared with the Hybrid
II1, has been reported to have a relative error rate ranging from less than 4% to greater than 15% for LA
measurements, according to studies from different researchers, and some have even observed peak linear
acceleration measurements with root mean squared errors (RMSE) greater than 100% (Jadischke et al 2013,
Cummiskey etal 2017, O’Connor et al 2017). Based on this observation, a meta-analysis is likely needed to fully
validate the accuracy of these systems, and till then, research teams intending to use these devices for data
capture should perhaps carry out their own validation study whenever possible. Most IMU-based devices cannot
measure angular acceleration directly but measure angular velocity via gyroscopes instead, and the angular
acceleration is often numerically obtained via differentiating the angular velocity (Cummiskey et al 2017, Buice
etal2018, Rich etal 2019). Head acceleration events often happen on a scale of milliseconds, as such, a minimum
sampling rate of 1 kHz is desired, and higher sampling rates have been shown to further improve measurement
accuracy (Cummiskey et al 2017, Rich et al 2019). Impact locations are estimated based on the LA and AA
measurements, and the outputs are divided into discrete impact zones. There’s a fundamental flaw in the way the
impact location is calculated, as both the impact location and the force direction are unknown, and it is,
therefore, impossible to obtain a unique impact location using just the head kinematics (Cummiskey et al 2017).
This issue is slightly alleviated by the fact that the human head is not isotropic which makes some impact
locations more likely than others for different head kinematics, but the issue is still ever-present. Helmets can be
instrumented with tactile sensors to better measure the location of impact (Merrell et al 2017), though there is no
equivalent solution for non-helmeted systems such as mouthguards.
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In certain sports, such as soccer, players are often reluctant to adopt additional accessories that are not
already a part of their kit. To address this issue in soccer, Stone et al (2018) proposed the development of a smart
soccer ball with integrated IMUs for heading detections. In their study, the smart ball showed promise for
heading detections under controlled testing conditions, though, Stone et al stated that better sensors are needed
to make their system viable in the real world.

For the reasons listed above and more, the aforementioned sensor systems are not currently widespread
amongst athletes outside of research studies. At a professional level, many sports have already adopted
monitoring systems for capturing internal and external loads, and some researchers have proposed to detect and
measure head impacts using data captured by some of these systems.

In soccer, it is already common for professional players to wear GPS vests with a built-in IMU located above
the third thoracic vertebra (T3) of the spine. Worsey et al (2020) investigated the potential to use that T3IMU as a
detection device for heading events in soccer. In their study, they found that the T3 IMU can only make reliable
heading detections in athletes when certain techniques are used, and it cannot make any accurate head
kinematics measurements, making it, unfortunately, not suitable for heading detection and monitoring.

In American football, while the aforementioned head impact monitoring systems are not commonly
employed by professional athletes, professional stadiums are equipped with high-quality camera systems that
can capture game footage which will allow for analyses of impacts sustained by players. Bailey et al (2020)
demonstrated a model-based image-matching technique to calculate head kinematics. In their study, a ray-
tracing technique was used to obtain the movement trajectories of the helmets. A helmet model was then
manually superimposed onto the video images frame-by-frame to obtain the rotational movements of the
helmets. Bailey et al found that cameras with a higher frame rate (240 Hz) are better for calculating the head
kinematics than cameras with alower frame rate (60 Hz), and their technique is more accurate at measuring the
pre-impact velocities than during the impact. One of the shortcomings of this technique, when compared to the
IMU-based sensor systems, is its reliance on a large amount of manual input, making it unsuitable for real-time
monitoring in its current form. It is, however, still useful for capturing kinematics data for TBI studies and
acquiring in-game helmet loading data for advising helmet testing.

While the aforementioned devices all come in different formats, they all aim to capture translational and
rotational movements of the head, and impact locations. And as such, they all aim to assess the severity of head
impacts under the same metrics. To rate the severity of a head impact, one needs to first be able to differentiate an
actual impact from miscellaneous head accelerations in the kinematics data. To achieve that, many systems have
simply set a threshold for the LA measurement (Siegmund et al 2016, O’Connor etal 2017, Wu et al 2017). The
threshold is often set to 10 g (ten times the gravitational acceleration), though other threshold values have also
been suggested by researchers (Siegmund et al 2016, O’Connor et al 2017). This approach raises several
concerns. When the threshold value is set too low, it will result in a higher number of false positives, and when
the value is set too high, some true positives will be missed out (Wu et al 2017). In addition, since the cutoffis
based on the LA, many impacts that are predominantly rotational with high AA values and low LA values will
likely be missed out (Siegmund et al 2016).

Two commercially available systems, HIT System and xPatch, have built-in software for identifying the
legitimacy of a hit based on the acceleration waveform (Cummiskey et al 2017). However, validation of this
method is currently lacking in peer-reviewed literature. As an alternative, Wu et al (2017) demonstrated a
machine learning (ML) method for identifying head impacts in kinematic data. In their study, a support-vector-
machine (SVM) classifier was trained using American football data collected on-field via IMU instrumented
mouthguards. The trained SVM classifier achieved over 90% precision and recall when tested on an independent
dataset. This shows promise as a more objective way to detect head impacts than arbitrary thresholding, and
similar approaches can perhaps be implemented with future sensor systems to improve the accuracy of head
impact detections.

Once an impact has been identified, the severity of the individual impact can be assessed. There has also been
strong evidence in the literature that the accumulation of repeat head impact exposures can lead to certain risks
(Nauman et al 2015, Bari et al 2019, Caccese et al 2019, Mihalik et al 2020), though there is still a large gap in that
knowledge. As of now, the majority of head impact severity models only account for individual impacts. The
most basic models are simply thresholds for either the peak LA or the peak AA at values that present a risk of
concussion. These models are, however, extremely unreliable. At greater than 50% correct injury prediction
levels, for every correct prediction made, hundreds if not thousands of false positives are also flagged (Greenwald
etal 2008). An NFL study has also attempted to correlate the peak LA to head injury rate using on-field data
(Pellman et al 2003). This paper claims that 75% of all impacts greater than 98.9 gwould result in a concussion.
However, an independent study by Greenwald et al found that out of the 3476 impacts of greater than 98.9 g they
have recorded, only 11 of them (0.3%) have resulted in clinically diagnosed concussion (Pellman et al 2003,
Greenwald et al 2008). While the discrepancy could have been caused by data biased towards injurious impacts,
italso indicates that it is likely that there isn’t a clear TBI threshold.
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Figure 2. Wayne state tolerance curve (WSTC). Reproduced from Namjoshi et al (2013) © 2013. Published by The Company of
Biologists Ltd. CC BY 3.0.

Through a series of experiments carried out with human and dog cadavers at Wayne State University, it was
found that head injury, defined as the occurrence of a skull fracture, correlated with the magnitude of LA and
exposure duration. These data were plotted up as the famous wayne state tolerance curve (WSTC), see figure 2
(Hutchinson et al 1998). In 1966, Charles W Gadd analyzed this set of data, and by plotting the data on alog
paper, fitted the data to the following equation,

a* . T =1, 000, (D

where a is the average acceleration in g-force, and T 'is the exposure duration in seconds (Gadd 1966).
Gadd then expressed this fit in an integral form

I= fA t a(t)>>dt (2)

and called it the Gadd severity index (GSI). Later, out of consideration for the appropriateness of the GSI,
Versace re-expressed Gadd’s fit of the WSTC as
123
f a(t)dt
5!

(ty — 1)

2.5

HIC = (t, — 1), 3

where HIC stands for Head Injury Criterion (Versace 1971). Although both GSI and HIC were developed for
predicting life-threatening head injuries, they are, to date, two of the most commonly used measures of impact
severity in sports science for studying mild TBIs. While they have had great implications for regulations in the
automobile industry, they have not proven to be any more reliable, statistically, than peak LA or RA thresholding
for TBI prediction (Greenwald et al 2008).

There are many criticisms of GSI and HIC, and many alternative measures of impact severity have been
developed to address these criticisms. One of these criticisms is that neither GSI nor HIC accounts for rotational
motion. As such, models that combine both linear and rotational measurements have been proposed. Such
models include Kleiven’s linear combination (KLC), a linear combination of HIC and the maximum resultant
angular velocity (Kleiven 2007); the generalized acceleration model for brain injury threshold (GAMBIT) which
regards LA and AA as proxies for stresses on the brain (Newman 1986); and the combined probability of
concussion (CP), a function of LA and AA developed from a head-impact dataset using multivariate logistic
regression analysis (Rowson and Duma 2013).

Another criticism of GSI and HIC is that these models were loosely empirically fitted by hand and the
dimensions of these measures are physically meaningless (Newman and Shewchenko 2000). Newman et al
proposed to instead measure head impact severity using the rate of change of kinetic energy of the head and
created the head impact power (HIP) index (Newman and Shewchenko 2000). While HIP is physically more
sound than some of the other head impact measures, it still neglects some physical properties of the head. The
human head is notisotropic and therefore responds differently to different directions of impact. A modified HIP
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was proposed to address this issue. The modified HIP has an additional scaling coefficient for each component of
the original HIP, accounting for the various directions and differentiation between positive and negative
accelerations (Kleiven 2003).

Greenwald et al (2008) had also proposed a kinematics-based head impact measure that considers the
anisotropic properties of the head, though via a different approach. By using principal component analysis,
Greenwald et al constructed a head impact score that is a combination of GSI, HIC, LA, and AA. This score is
then multiplied by a weighting factor based on the location of the impact to give what Greenwald et al called a
weighted principal component score (WPCS). The wPCS is sometimes also referred to as the HIT severity profile
(HITsp) since it was developed using the HIT system. Greenwald ef al demonstrated that HIPsp performs better
than the classical measures (LA, AA, and HIC) in predicting mild TBI. However, the prediction power of the
HITsp is still insufficient for monitoring head traumas in practice as it has a positive predictive value (PPV) of
0.9% at the 50% sensitivity threshold (Greenwald et al 2008). (The definitions of PPV and sensitivity are as
follows. A 75% PPV at a threshold means that on average three of four impacts above this threshold result in
mild TBIs. A 75% sensitivity at a threshold means that on average three of four mild TBIs are resulted from
impacts above this threshold.) Greenwald et al also noted that a ‘safe’ HITsp value for one player may correspond
to a mild TBI diagnosis for another player (Greenwald et al 2008). These findings showcase the problem with
regards to a ‘one-size-fits-all head injury threshold’.

Studies have shown that rotational movements contribute more to brain injuries than linear motions (Ji et al
2014). As aresult, some head impact measures were developed while only considering rotational kinematics.
Takhounts et al introduced the Brain Injury Criterion (BRIC) which is the sum of normalized maximum angular
velocity and acceleration, and later introduced an updated version (BrIC) which only uses angular velocity after
finding a low correlation between angular acceleration and strain on the brain (Takhounts et al 2013, Takhounts
etal2011). Later studies have, however, found the contrary and shown BRIC and BrIC to perform poorly under
certain imapct conditions (Gabler et al 2016, Shi et al 2020). Ommaya et al (Ommaya et al 1967) constructed a
tolerance curve for angular acceleration using data on concussed monkeys. The acceleration tolerance curve
resembles the WSTC, and using this similarity, Kimpara and Iwamoto (Kimpara and Iwamoto 2012) proposed
two head impact measures similar to HIC. The first of the two is the power rotational head injury criterion
(PRHIC) which replaces the LA term in HIC with the rotational component of HIP. The second is called
rotational injury criterion (RIC) which replaces the LA term in HIC with AA. While both measures produced
promising results on the initial study, the authors of RIC and PRHIC are concerned with the unusual physical
dimensions of these measures and their implications on the physical interpretation. There are many more
kinematics-based measures of head impact severity, though the sentiment here holds. The table below (table 2)
lists some of the commonly used kinematics-based measures of head impact severity within the field.

Despite all these efforts to establish new kinematics-based head impact severity measures and an injury
threshold, no consensus has been reached within the field (Jiand Zhao 2015). New sensor systems have been
developed to capture a wider range of data in hopes of further improving upon current head impact severity
measures. Merrell et al (2017) demonstrated a helmet-based sensor system fitted with an array of nano-
composite foam (NCF) sensors. The NCF sensors can measure impacts through a triboelectric response. Merrel
et al demonstrated that the NCF sensor system can accurately measure the impact location as well as the head
kinematics. In addition to the information that conventional helmeted systems can capture, the NCF sensor
system can also capture the impact energy. Future studies could investigate the relationship between impact
energy and concussion, and potentially use the impact energy measures to improve head injury prediction
accuracy.

3.2.2.1. Finite element models for head impact
One of the likely reasons behind the failures of the kinematics-based head impact severity measures is that these
models, based on head kinematics, simply are not representative of the motions of the brain. Meng et al (2020)
investigated the correlations between skull movements and movements of different sections of the brain and
found R-squared values of less than 0.4 across the board. To reasonably predict the actual impact on the brain
due to external energy on a microstructural level, many finite element (FE) models have been constructed using
(head impact) data from various sources, including MRI images of the human brain (Jiet al 2014). These FE
models can predict deformations on different parts of the brain based on kinematic inputs. FE models are often
complex and computationally costly. It can take hours to process a single head impact on a modern high-spec
computer (Jiand Zhao 2015, Gabler et al 2019, Wu et al 2019, Gabrieli et al 2020, Zhan et al 2021). The long
processing time not only makes the FE models unfeasible for on-field player monitoring at the moment but also
limits the scale of head impact studies that require the use of them (Ji and Zhao 2015, Gabler et al 2019, Wu et al
2019, Gabrieli et al 2020, Zhan et al 2021).

Several different approaches have been proposed to either reduce the computational time of an FE model or
to offer a less time-consuming alternative. These efforts can be classified as either reduced-order models or pre-
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Table 2. A list of some of the commonly accepted kinematics-based measures of head impact severity, where a
represents linear acceleration, « represents angular acceleration, w represents angular velocity, and ¢
represents time. In GAMBIT, 1, m, and s are assigned constants and are often taken to be 1. In CP, are
regression coefficients with i indicating the index number. In HIP, m stands for mass and I stands for moment
of inertia. In HITsp, is the impact location coefficient, and In PRHIC HIP_rot is the rotational component

of HIP.
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computed models, with both aiming to provide some form of brain strain prediction using head kinematic
measures (Zhan et al 2021). The reduced-order models are based on multibody modelling, in which the brain is
modelled as a system of masses connected by springs with damping (Gabler et al 2019, Gabrieli et al 2020). The
physical characteristics of the multibody systems such as the spring stiffness and damping matrices are
determined using a set of FE simulation results. The reduced-order models are less computationally taxing, but
as a trade-off, reduced-order models are limited in accuracy and cannot predict brain deformation on a detailed
level (Zhan et al 2021). Gabrieli et al (2020) attempted to reduce the discrepancy between the outcomes of their
multibody brain model and those of a FE model by linking the two using machine learning. They were able to
show an improvement in the accuracy of the predicted strain using machine learning, achieving an average
absolute relative error greater than 15% when applied to a test set. In contrast to reduced-order models which
are simplified mechanical models of the brain, pre-computed models are data-driven computational models
built on large kinematic data sets and their FE simulation results. One example of a pre-computed model is the
pre-computed brain response atlas (pcBRA) presented by Ji and Zhao (Jiand Zhao 2015). Other pre-computed
models include deep-learning models that take kinematic inputs and output brain strain predictions (Wu et al
2019, Zhan et al 2021). Banking on the fact that the brain is much more sensitive to strains due to rotational
motions than strains due to linear motions (Kleiven 2013), the reduced-order models and the pre-computed
models described above, all opted to only take rotational kinematics into account (Ji and Zhao 2015, Gabler et al
2019, Wuetal 2019, Gabrieli et al 2020, Zhan et al 2021). While linear kinematics should in theory only have a
minor effect on brain strain predictions, the exact extent of its effect can differ from model to model and should
be verified in future studies. Direct comparisons between pre-computed these models are difficult to carry out
since many of them are created using different FE models, and the reliability of these pre-computed models is
limited by the FE models they are based on. Another issue faced by all of these models is the lack of on-field
injury data to further tune and validate the models. This is especially true for the machine learning models, as
they will likely need retraining for different sports or even different demographics.

3.2.2.2. Alternative monitoring head impact solutions

In contrast to the software solutions above, Meng and Prather et al (Meng et al 2020, Prather eral 2019)
presented a novel hardware approach. In the same study where Meng et al (2020) showed that the skull
kinematics do not correlate to the movements of the brain, they also found that the movements of the eyes are
well correlated to the brain, especially for the posterior part of the brain where R-squared value is as high as
0.983. Meng and Prather et al (Meng et al 2020, Prather et al 2019) proposed to build a micro IMU in a contact
lens as a way to monitor the movements of the brain due to an impact. However, sensor technology has along
way to go before this system can be safely realized outside of the lab.
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Lab-based electroencephalography (EEG) where signals from the brain are measured via epidermal-
electrodes has shown promise in aiding head injury detections (Seshadri et al 2016). Helmets embedded with
EEG in addition to accelerometers have been proposed as a means to capture additional information related to
TBIs (Ramasamy and Varadan 2016). However, the usefulness of such a system is still lacking scientific evidence.
EEG data can be noisy and difficult to work with even when recorded under well-controlled lab environments,
and one can question the reliability of EEG data captured with a helmet that can move relative to the head in a
high-impact sport. Likely, EEGs will not be easily utilized during live-game action (Seshadri et al 2016).

While current on-field head injury monitoring systems leave much to be desired, there are many exciting
novel pieces of research happening in both sensor technology as well as data modelling. More accurate sensor
systems are being developed with a wider range of sports in mind. This will allow researchers to capture datain
both higher quality and quantity, enabling us to better study and understand the biomechanics of the brain.
Together with advancements in computational units, it is hopeful that in the future we will have a representative
biomechanical model of the head that can process head impact data captured by sensor systems, output strains
on different regions of the brain, and accurately predict the risk of TBI in realtime.

4, Further considerations

With the growing public awareness of the short and long-term consequences of various sports-related injuries,
the need to objectively safeguard and manage the athletes is clearer now, more than ever. There is a growing
interest in understanding the well-being and mental health of athletes, which is affected by the ability to cope
with both impacts and workload. A more holistic view is appropriate in the management of athletes and this
indicates the necessity of a multi-modal approach for monitoring. At the moment there is alack of research that
aims to monitor across domains (e.g. impact, workload and well-being), which makes it hard to generate better
models for player management. However, this approach also requires the individual tracking components to be
well understood. This review has identified a few issues with on-field monitoring that need to be addressed
moving forward. The first issue is a general lack of data to help build and validate injury rate prediction models.
There appear to be alot of models in sports monitoring that were created from limited-sized and homogenous
data sets. With developments of better sensor systems, high-quality data needs to be captured both in higher
quantity and from a wider range of demographics to create models that are more accurate and more applicable
across the sports community. The second issue is that there is a lack of consensus on how measurement data
should be processed and presented. Inconsistent data presentations across related studies make comparing and
combining outcomes of different studies difficult, and this may result in some researchers” hard work becoming
much less impactful than they intended. Moving forward, standardized definitions and data formats that can
facilitate meaningful comparisons between studies and meta-analyses are needed for the field to grow
meaningfully and effectively.

An athlete’s lifestyles and behaviours outside of sports can also have meaningful impacts on their on-field
performance, and conversely, their involvement in sports can impact their general wellness and behaviours oft-
field. So, to improve players’ wellness and to optimize their on-field performance, future studies and practices
should consider combining on-field monitoring with player wellness data collected off-field. Such oft-field data
collections may include aspects such as sleep and stress.

Poor sleep can negatively affect an athlete’s physical and mental abilities resulting in poor athletic
performance and has been linked to increases in injury rate (Chandrasekaran et al 2020, Seshadri et al 2021).
Thus, there’s a clear incentive to monitor sleep in sports. Current practices of sleep monitoring in sports and
sports studies are often reliant on self-reports via sleep questionnaires, the reliability of which can be
questionable as it depends on the participant’s ability to recall and is subject to the participant’s bias
(Chandrasekaran et al 2020). More objective measures can be taken through technological means. In the future,
devices can be utilized to monitor athletes in conjunction with on-field monitoring techniques to optimize
player performance and better prevent injuries.

In regard to the current state of the world, the COVID-19 pandemic caused by the SARS-CoV-2 virus has led
to the cancellation of most amateur and semi-professional team sports and has changed the way professional
team sports are organized dramatically around the globe. With lockdown measures being gradually loosened in
several parts of the world, many team sports are being reinstated, with extra measures taken to minimize the risk
of spreading the SARS-CoV-2 virus. Tracking interpersonal contact exposures between players can allow for
early intervention when new suspected or confirmed COVID-19 cases surface and thus limit the spreading of the
disease. Gongalves et al showed that player positioning tracking systems can be used to track COVID-19 related
interpersonal contact exposures (Gongalves et al 2020). The European Centre for Disease Prevention and
Control (ECDC) defined high-risk exposure as having had face-to-face contact with a SARS-CoV-2 carrier
within 2 m for more than 15 min. To monitor exposure using the ECDC recommendations, Gongalves et al had
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devised two exposure measures. Measure one is the duration of direct contact between players within 2 m;
measure two takes into account the respiratory droplets left behind by moving individuals and tracks the
duration of indirect exposure with a half-life of 2 s (Gongalves et al 2020). A contact exposure tracking method as
such has the potential to improve sports team risk management during the COVID-19 pandemic and facilitate
sports returning to normal. Another concern with players returning to training and play is that after along
lockdown, the players might not adapt to a sudden increase in exercise intensities well (Seshadri et al 2021).
Workload monitoring should be employed by teams as players are returning to play to minimize the risk of
overtraining.

5. Conclusion

This review provides an overview of on-field sports monitoring techniques that aim to improve the health and
wellness of athletes. Most of the current monitoring methods are either tracking the athlete’s workload or
monitoring physical impact. Current sports monitoring practices are being held back by a lack of standard
metrics and definitions, and the size and diversity of data needs to increase to develop ecologically valid
approaches. The future of on-field sports monitoring will most likely consist of well packaged wearable sensor
systems that can measure both physical and physiological parameters. Big data approaches should be adopted to
build models that can meaningfully process the data captured by these systems and provide effective injury
prevention and player management.

ORCID iDs

Runbei Cheng ® https://orcid.org/0000-0001-5943-1874
Jeroen H. M. Bergmann @ https: //orcid.org/0000-0001-7306-2630

References

Apostolou K and Tjortjis C 2019 Sports analytics algorithms for performance prediction 2019 10th Int. Conf. on Information, Intelligence,
Systems and Applications (IISA) (Piscataway, NJ) (IEEE) pp 1-4

Bailes ] E and Cantu R C 2001 Head injury in athletes Neurosurgery. 48 26—46

Bailey A, FunkJ, Lessley D, Sherwood C, Crandall J, Neale W and Rose N 2020 Validation of a videogrammetry technique for analysing
American football helmet kinematics Sports Biomech. 19 678700

Bari§, Svaldi D O, Jang I, Shenk T E, Poole VN, Lee T, Dydak U, Rispoli ] V, Nauman E A and Talavage T M 2019 Dependence on
subconcussive impacts of brain metabolism in collision sport athletes: an MR spectroscopic study Brain Iinaging Behav. 13 735-49

Bartsch A, Dama R, Alberts J, Samorezov S, Benzel E, Miele V, Shah A, Humm J, McCrea M and Stemper B 2020 Measuring blunt force head
impacts in athletes Military Med. 185 190—6

Benson L C, Riisinen A M, Volkova V G, Pasanen K and Emery C A 2020 Workload a-WEAR-ness: monitoring workload in team sports
with wearable technology. a scoping review J. Orthopaedic Sports Phys. Ther. 50 549—63

Bourdon P C efal 2017 Monitoring athlete training loads: consensus statement Int. J. Sports Physiol. Perform. 12 S2—161

Boyd L], Ball Kand Aughey RJ 2011 The reliability of MinimaxX accelerometers for measuring physical activity in Australian football Int. J.
Sports Physiol. Perform. 6 311-21

Brennan J H, Mitra B, Synnot A, McKenzie J, Willmott C, McIntosh A S, Maller ] J and Rosenfeld ] V 2017 Accelerometers for the assessment
of concussion in male athletes: a systematic review and meta-analysis Sports Med. 47 469-78

Buice ] M, Esquivel A O and Andrecovich CJ 2018 Laboratory validation of a wearable sensor for the measurement of head acceleration in
men’s and women’s lacrosse J. Biomech. Eng. 140 4040311

Caccese ] B, Best C, Lamond L C, DiFabio M, Kaminski T W, Watson D, Getchell N and Buckley T A 2019 Effects of repetitive head impacts
on a concussion assessment battery Med. Sci. Sports Exercise. 51 1355-61

Campbell KR, Warnica M J, Levine I C, Brooks J S, Laing A C, Burkhart T A and Dickey J P 2016 Laboratory evaluation of the gForce
Tracker™, a head impact kinematic measuring device for use in football helmets Ann. Biomed. Eng. 44 1246-56

Cardoos N 2015 Overtraining syndrome Curr. Sports Med. Rep. 14 157—8

Castellano J, Alvarez-Pastor D and Bradley P S 2014 Evaluation of research using computerised tracking systems (Amisco” and Prozone”) to
analyse physical performance in elite soccer: a systematic review Sports Med. 44 701-12

Chandrasekaran B, Fernandes S and Davis F 2020 Science of sleep and sports performance—a scoping review Sci. Sports 35 3—11

Colosio AL, Lievens M, Pogliaghi S, Bourgois ] G and Boone ] 2020 Heart rate-index estimates aerobic metabolism in professional soccer
players J. Sci. Med. Sport 23 1208—-14

Cummiskey B, Schiffmiller D, Talavage T M, Leverenz L, Meyer ] J, Adams D and Nauman E A 2017 Reliability and accuracy of helmet-
mounted and head-mounted devices used to measure head accelerations Proc. Inst. Mech. Eng. P 231 144-53

Di Prampero P E, Fusi S, Sepulcri L, Morin J B, Belli A and Antonutto G 2005 Sprint running: a new energetic approach J. Exp. Biol. 208
2809-16

DiFiori] P, Benjamin HJ, Brenner J S, Gregory A, Jayanthi N, Landry G L and Luke A 2014 Overuse injuries and burnout in youth sports: a
position statement from the American Medical Society for Sports Medicine Br. J. Sports Med. 48 287-8

Dowling B, McNally M P, Chaudhari A M and Ofiate J A 2020 A review of workload-monitoring considerations for baseball pitchers
J. Athletic Train. 55911-7

Drew M K and Finch ¢f2016 The relationship between training load and injury, illness and soreness: a systematic and literature review Sports
Med. 46 861-83

15


https://orcid.org/0000-0001-5943-1874
https://orcid.org/0000-0001-5943-1874
https://orcid.org/0000-0001-5943-1874
https://orcid.org/0000-0001-5943-1874
https://orcid.org/0000-0001-7306-2630
https://orcid.org/0000-0001-7306-2630
https://orcid.org/0000-0001-7306-2630
https://orcid.org/0000-0001-7306-2630
https://doi.org/10.1109/IISA.2019.8900754
https://doi.org/10.1109/IISA.2019.8900754
https://doi.org/10.1109/IISA.2019.8900754
https://doi.org/10.1097/00006123-200101000-00005
https://doi.org/10.1097/00006123-200101000-00005
https://doi.org/10.1097/00006123-200101000-00005
https://doi.org/10.1080/14763141.2018.1513059
https://doi.org/10.1080/14763141.2018.1513059
https://doi.org/10.1080/14763141.2018.1513059
https://doi.org/10.1007/s11682-018-9861-9
https://doi.org/10.1007/s11682-018-9861-9
https://doi.org/10.1007/s11682-018-9861-9
https://doi.org/10.1093/milmed/usz334
https://doi.org/10.1093/milmed/usz334
https://doi.org/10.1093/milmed/usz334
https://doi.org/10.2519/jospt.2020.9753
https://doi.org/10.2519/jospt.2020.9753
https://doi.org/10.2519/jospt.2020.9753
https://doi.org/10.1123/IJSPP.2017-0208
https://doi.org/10.1123/IJSPP.2017-0208
https://doi.org/10.1123/IJSPP.2017-0208
https://doi.org/10.1123/ijspp.6.3.311
https://doi.org/10.1123/ijspp.6.3.311
https://doi.org/10.1123/ijspp.6.3.311
https://doi.org/10.1007/s40279-016-0582-1
https://doi.org/10.1007/s40279-016-0582-1
https://doi.org/10.1007/s40279-016-0582-1
https://doi.org/10.1115/1.4040311
https://doi.org/10.1249/MSS.0000000000001905
https://doi.org/10.1249/MSS.0000000000001905
https://doi.org/10.1249/MSS.0000000000001905
https://doi.org/10.1007/s10439-015-1391-7
https://doi.org/10.1007/s10439-015-1391-7
https://doi.org/10.1007/s10439-015-1391-7
https://doi.org/10.1249/JSR.0000000000000145
https://doi.org/10.1249/JSR.0000000000000145
https://doi.org/10.1249/JSR.0000000000000145
https://doi.org/10.1007/s40279-014-0144-3
https://doi.org/10.1007/s40279-014-0144-3
https://doi.org/10.1007/s40279-014-0144-3
https://doi.org/10.1016/j.scispo.2019.03.006
https://doi.org/10.1016/j.scispo.2019.03.006
https://doi.org/10.1016/j.scispo.2019.03.006
https://doi.org/10.1016/j.jsams.2020.04.015
https://doi.org/10.1016/j.jsams.2020.04.015
https://doi.org/10.1016/j.jsams.2020.04.015
https://doi.org/10.1177/1754337116658395
https://doi.org/10.1177/1754337116658395
https://doi.org/10.1177/1754337116658395
https://doi.org/10.1242/jeb.01700
https://doi.org/10.1242/jeb.01700
https://doi.org/10.1242/jeb.01700
https://doi.org/10.1242/jeb.01700
https://doi.org/10.1136/bjsports-2013-093299
https://doi.org/10.1136/bjsports-2013-093299
https://doi.org/10.1136/bjsports-2013-093299
https://doi.org/10.4085/1062-6050-0511-19
https://doi.org/10.4085/1062-6050-0511-19
https://doi.org/10.4085/1062-6050-0511-19
https://doi.org/10.1007/s40279-015-0459-8
https://doi.org/10.1007/s40279-015-0459-8
https://doi.org/10.1007/s40279-015-0459-8

10P Publishing

Physiol. Meas. 43 (2022) 03TRO01 R Chengand ] Bergmann

Duma S M, Manoogian S J, Bussone W R, Brolinson P G, Goforth M W, Donnenwerth J J, Greenwald R M, Chu J J and Crisco J ] 2005
Analysis of real-time head accelerations in collegiate football players Clin. J. Sport Med. 15 3-8

de Almedia e Bueno, Kwong M T, Milnthorpe W R F et al 2021 Applying ubiquitous sensing to estimate perceived exertion based on
cardiorespiratory features Sports Eng. 24 1-9

Gabbett TJ, Jenkins D G and Abernethy B 2011 Physical collisions and injury in professional rugby league match-play J. Sci. Med. Sport 14
210-5

Gabbett T J, Polley C, Dwyer D B, Kearney S and Corvo A 2014 Influence of field position and phase of play on the physical demands of
match-play in professional rugby league forwards J. Sci. Med. Sport 17 556—61

Gabler Lee F., Crandall Jeff R. and Panzer Matthew B. 2016 Assessment of Kinematic Brain Injury Metrics for Predicting Strain Responses in
Diverse Automotive Impact Conditions Annals of Biomedical Engineering 44 3705—18

Gabler L F, Crandall J R and Panzer M B 2019 Development of a second-order system for rapid estimation of maximum brain strain Ann.
Biomed. Eng. 47 1971-81

Gabrieli D, Vigilante N F, Scheinfeld R, Rifkin J A, Schumm SN, Wu T, Gabler L F, Panzer M B and Meaney D F 2020 A multibody model for
predicting spatial distribution of human brain deformation following impact loading J. Biomech. Eng. 142091015

Gadd CW 1966 Use of a weighted-impulse criterion for estimating injury hazard SAE Tech. Pap. 660793

Gessel LM, Fields S K, Collins C L, Dick R W and Comstock R D 2007 Concussions among United States high school and collegiate athletes
J. Athletic Train. 42 495-503

Gongalves B, Mendes R, Folgado H, Figueiredo P, Travassos B, Barros H, Campos-Fernandes A, Beckert P and Brito J 2020 Can tracking data
help in assessing interpersonal contact exposure in team sports during the COVID-19 pandemic? Sensors 20 6163

Grant S, Aitchison T, Henderson E, Christie ], Zare S, Mc Murray ] and Dargie H 1999 A comparison of the reproducibility and the
sensitivity to change of visual analogue scales, Borg scales, and Likert scales in normal subjects during submaximal exercise Chest 116
1208-17

Greenwald RM, Gwin J T, Chu ] J and Crisco J ] 2008 Head impact severity measures for evaluating mild traumatic brain injury risk exposure
Neurosurgery 62 789-98

Griinbichler J, Federolf P and Gatterer H 2020 Workload efficiency as a new tool to describe external and internal competitive match load of
aprofessional soccer team: a descriptive study on the relationship between pre-game training loads and relative match load Eur. J.
Sport Sci. 20 103441

Haddad M, Chaouachi A, Wong D P, Castagna C, Hambli M, Hue O and Chamari K 2013 Influence of fatigue, stress, muscle soreness and
sleep on perceived exertion during submaximal effort Physiol. Behav. 119 185-9

Hardy W N et al 2007 A study of the response of the human cadaver head to impact Stapp Car Crash J. 51 17-80

Hettiarachchi C, Kodithuwakku J, Manamperi B, Ifham A and Silva P 2019 A wearable system to analyze the human arm for predicting
injuries due to throwing 2019 41st Annual Int. Conf. of the IEEE Engineering in Medicine and Biology Society (EMBC) (Piscataway, NJ)
(IEEE) pp 3297301

Hulin BT, Gabbett T J, Johnston R D and Jenkins D G 2017 Wearable microtechnology can accurately identify collision events during
professional rugby league match-play J. Sci. Med. Sport 20 638—42

Hutchinson J, Kaiser M J and Lankarani H M 1998 The head injury criterion (HIC) functional Appl. Math. Comput. 96 1-6

Jadischke R, Viano D C, Dau N, King A I and McCarthyJ 2013 On the accuracy of the head impact telemetry (HIT) system used in football
helmets J. Biomech. 46 2310-5

JiS etal 2014 Parametric comparisons of intracranial mechanical responses from three validated finite element models of the human head
Ann. Biomed. Eng. 42 11-24

JiSand Zhao W 2015 A pre-computed brain response atlas for instantaneous strain estimation in contact sports Ann. Biomed. Eng. 43
1877-95

JiS, Zhao W, LiZ and McAllister T W 2014 Head impact accelerations for brain strain-related responses in contact sports: a model-based
investigation Biomech. Model. Mechanobiol. 13 1121-36

Keaney L C, Kilding A E, Merien F and Dulson D K 2018 The impact of sport related stressors on immunity and illness risk in team-sport
athletes J. Sci. Med. Sport21 1192-9

Kimpara H and Iwamoto M 2012 Mild traumatic brain injury predictors based on angular accelerations during impacts Ann. Biomed. Eng.
40114-26

Kleiven S 2003 Influence of impact direction on the human head in prediction of subdural hematoma J. Neurotrauma. 20 365-79

Kleiven S 2007 Predictors for traumatic brain injuries evaluated through accident reconstructions SAE Tech. Pap. 51 81-114

Kleiven S 2013 Why most traumatic brain injuries are not caused by linear acceleration but skull fractures are Front. Bioeng. Biotechnol. 1 15

Kujala UM, Taimela S, Antti-Poika I, Orava S, Tuominen R and Myllynen P 1995 Acute injuries in soccer, ice hockey, volleyball, basketball,
judo, and karate: analysis of national registry data Br. Med. J. 311 1465-8

Kupperman N and Hertel ] 2020 Global positioning system—derived workload metrics and injury risk in team-based field sports: a systematic
review J. Athletic Train. 55 931-43

Langlois ] A, Rutland-Brown W and Wald M M 2006 The epidemiology and impact of traumatic brain injury: a brief overview J. Head
Trauma Rehabil. 21 375-8

LaRoche A A, Nelson L D, Connelly P K, Walter KD and McCrea M A 2016 Sport-related concussion reporting and state legislative effects
Clin. J. Sport Med. 26 33

LiR T, Kling SR, Salata M J, Cupp S A, Sheehan ] and Voos ] E 2016 Wearable performance devices in sports medicine Sports Health 8 74—8

Ling H, Hardy J and Zetterberg H 2015 Neurological consequences of traumatic brain injuries in sports Mol. Cell. Neurosci. 66 114-22

Lutz J, Memmert D, Raabe D, Dornberger R and Donath L2020 Wearables for integrative performance and tactic analyses: opportunities,
challenges, and future directions Int. J. Environ. Res. Public Health 17 59

MacLeod SJ, Hagan C, Egana M, Davis ] and Drake D 2018 The use of microtechnology to monitor collision performance in professional
rugby union Int. J. Sports Physiol. Perform. 13 1075-82

McAllister T W, Ford ] C, Ji S, Beckwith ] G, Flashman L A, Paulsen K and Greenwald R M 2012 Maximum principal strain and strain rate
associated with concussion diagnosis correlates with changes in corpus callosum white matter indices Ann. Biomed. Eng. 40 127-40

McCrea M, Hammeke T, Olsen G, Leo P and Guskiewicz K 2004 Unreported concussion in high school football players: implications for
prevention Clin. J. Sport Med. 14 13—7

MengY, Mabry S, Stewart P, Cannon K, Liu L, Bolding M, Zhang L and Adams M L 2020 Correlating the passive response of eye and brain to
head impact using MEMS IMUs on 3D-printed human head phantom Physiol. Meas. 41 03005

Merrell A J, Christensen W F, Seeley M K, Bowden A E and Fullwood D T 2017 Nano-composite foam sensor system in football helmets Ann.
Biomed. Eng. 45 27429

16


https://doi.org/10.1097/00042752-200501000-00002
https://doi.org/10.1097/00042752-200501000-00002
https://doi.org/10.1097/00042752-200501000-00002
https://doi.org/10.1007/s12283-021-00346-1
https://doi.org/10.1007/s12283-021-00346-1
https://doi.org/10.1007/s12283-021-00346-1
https://doi.org/10.1016/j.jsams.2011.01.002
https://doi.org/10.1016/j.jsams.2011.01.002
https://doi.org/10.1016/j.jsams.2011.01.002
https://doi.org/10.1016/j.jsams.2011.01.002
https://doi.org/10.1016/j.jsams.2013.08.002
https://doi.org/10.1016/j.jsams.2013.08.002
https://doi.org/10.1016/j.jsams.2013.08.002
https://doi.org/10.1007/s10439-016-1697-0
https://doi.org/10.1007/s10439-016-1697-0
https://doi.org/10.1007/s10439-016-1697-0
https://doi.org/10.1007/s10439-018-02179-9
https://doi.org/10.1007/s10439-018-02179-9
https://doi.org/10.1007/s10439-018-02179-9
https://doi.org/10.1115/1.4046866
https://doi.org/10.4271/660793
https://doi.org/10.3390/s20216163
https://doi.org/10.1378/chest.116.5.1208
https://doi.org/10.1378/chest.116.5.1208
https://doi.org/10.1378/chest.116.5.1208
https://doi.org/10.1378/chest.116.5.1208
https://doi.org/10.1227/01.neu.0000318162.67472.ad
https://doi.org/10.1227/01.neu.0000318162.67472.ad
https://doi.org/10.1227/01.neu.0000318162.67472.ad
https://doi.org/10.1080/17461391.2019.1697374
https://doi.org/10.1080/17461391.2019.1697374
https://doi.org/10.1080/17461391.2019.1697374
https://doi.org/10.1016/j.physbeh.2013.06.016
https://doi.org/10.1016/j.physbeh.2013.06.016
https://doi.org/10.1016/j.physbeh.2013.06.016
https://doi.org/10.1109/EMBC.2019.8857313
https://doi.org/10.1109/EMBC.2019.8857313
https://doi.org/10.1109/EMBC.2019.8857313
https://doi.org/10.1016/j.jsams.2016.11.006
https://doi.org/10.1016/j.jsams.2016.11.006
https://doi.org/10.1016/j.jsams.2016.11.006
https://doi.org/10.1016/S0096-3003(97)10106-0
https://doi.org/10.1016/S0096-3003(97)10106-0
https://doi.org/10.1016/S0096-3003(97)10106-0
https://doi.org/10.1016/j.jbiomech.2013.05.030
https://doi.org/10.1016/j.jbiomech.2013.05.030
https://doi.org/10.1016/j.jbiomech.2013.05.030
https://doi.org/10.1007/s10439-013-0907-2
https://doi.org/10.1007/s10439-013-0907-2
https://doi.org/10.1007/s10439-013-0907-2
https://doi.org/10.1007/s10439-014-1193-3
https://doi.org/10.1007/s10439-014-1193-3
https://doi.org/10.1007/s10439-014-1193-3
https://doi.org/10.1007/s10439-014-1193-3
https://doi.org/10.1007/s10237-014-0562-z
https://doi.org/10.1007/s10237-014-0562-z
https://doi.org/10.1007/s10237-014-0562-z
https://doi.org/10.1016/j.jsams.2018.05.014
https://doi.org/10.1016/j.jsams.2018.05.014
https://doi.org/10.1016/j.jsams.2018.05.014
https://doi.org/10.1007/s10439-011-0414-2
https://doi.org/10.1007/s10439-011-0414-2
https://doi.org/10.1007/s10439-011-0414-2
https://doi.org/10.1089/089771503765172327
https://doi.org/10.1089/089771503765172327
https://doi.org/10.1089/089771503765172327
https://doi.org/10.3389/fbioe.2013.00015
https://doi.org/10.1136/bmj.311.7018.1465
https://doi.org/10.1136/bmj.311.7018.1465
https://doi.org/10.1136/bmj.311.7018.1465
https://doi.org/10.4085/1062-6050-473-19
https://doi.org/10.4085/1062-6050-473-19
https://doi.org/10.4085/1062-6050-473-19
https://doi.org/10.1097/00001199-200609000-00001
https://doi.org/10.1097/00001199-200609000-00001
https://doi.org/10.1097/00001199-200609000-00001
https://doi.org/10.1097/JSM.0000000000000192
https://doi.org/10.1177/1941738115616917
https://doi.org/10.1177/1941738115616917
https://doi.org/10.1177/1941738115616917
https://doi.org/10.1016/j.mcn.2015.03.012
https://doi.org/10.1016/j.mcn.2015.03.012
https://doi.org/10.1016/j.mcn.2015.03.012
https://doi.org/10.3390/ijerph17010059
https://doi.org/10.1123/ijspp.2017-0124
https://doi.org/10.1123/ijspp.2017-0124
https://doi.org/10.1123/ijspp.2017-0124
https://doi.org/10.1007/s10439-011-0402-6
https://doi.org/10.1007/s10439-011-0402-6
https://doi.org/10.1007/s10439-011-0402-6
https://doi.org/10.1097/00042752-200401000-00003
https://doi.org/10.1097/00042752-200401000-00003
https://doi.org/10.1097/00042752-200401000-00003
https://doi.org/10.1088/1361-6579/ab78bd
https://doi.org/10.1007/s10439-017-1910-9
https://doi.org/10.1007/s10439-017-1910-9
https://doi.org/10.1007/s10439-017-1910-9

10P Publishing

Physiol. Meas. 43 (2022) 03TRO01 R Chengand ] Bergmann

Mihalik J P et al 2020 Do head injury biomechanics predict concussion clinical recovery in college American football players? Ann. Biomed.
Eng. 48 255565

Muniz-Pardos B et al 2021 Wearable and telemedicine innovations for Olympic events and elite sport J. Sports Med. Phys. Fitness (https://
doi.org/10.23736/50022-4707.21.12752-5)

Murray N B, Gabbett T ], Townshend A D and Blanch P 2017 Calculating acute: chronic workload ratios using exponentially weighted
moving averages provides a more sensitive indicator of injury likelihood than rolling averages Br. J. Sports Med. 51 74954

Namjoshi D R, Good C, Cheng W H, Panenka W, Richards D, Cripton P A and Wellington CL 2013 Towards clinical management of
traumatic brain injury: a review of models and mechanisms from a biomechanical perspective Dis. Models Mech. 6 1325-38

Naughton M et al 2020 Quantifying the collision dose in rugby league: a systematic review, meta-analysis, and critical analysis Sports Med.—
Open 66

Naughton M, Miller ] and Slater G ] 2018 Impact-induced muscle damage and contact sports: etiology, effects on neuromuscular function
and recovery, and the modulating effects of adaptation and recovery strategies Int. J. Sports Physiol. Perform. 13 9629

Nauman E A, Breedlove K M, Breedlove E L, Talavage T M, Robinson M E and Leverenz L ] 2015 Post-season neurophysiological deficits
assessed by InPACT and fMRI in athletes competing in American football Dev. Neuropsychol. 40 85-91

Newman J A 1986 A generalized acceleration model for brain injury threshold (GAMBIT) Proc. of Int. IRCOBI Conf. 1986

Newman ] A and Shewchenko N 2000 A proposed new biomechanical head injury assessment function-the maximum power index SAE
Techn. Pap. 44 215-47

Nicolo A, Montini M, Girardi M, Felici F, Bazzucchi I and Sacchetti M 2020 Respiratory frequency as a marker of physical effort during high-
intensity interval training in soccer players Int. J. Sports Physiol. Perform. 15 7380

Nicolo A, Passfield L and Sacchetti M 2016 Investigating the effect of exercise duration on functional and biochemical perturbations in the
human heart: total work or ‘isoeffort'matching? J. Physiol. 594 3157

O’Connor KL, Rowson S, Duma S M and Broglio S P 2017 Head-impact—measurement devices: a systematic review J. Athletic Train. 52
206-27

Oliva-Lozano ] M, Muyor ] M, Fortes V and McLaren S ] 2020 Decomposing the variability of match physical performance in professional
soccer: implications for monitoring individuals Eur. J. Sport Sci. 21 1588-1596

Ommaya A K, Hirsch A E, Yarnell P and Harris E H 1967 Scaling of Experimental Data on Cerebral Concussion in Sub-Human Primates to
Concussion Threshold for Man ed D W Taylor (Bethesda MD: Naval Ship Research and Development Center) SAE 670906

Pellman E ], Viano D C, Tucker A M, Casson I R and Waeckerle J F 2003 Concussion in professional football: reconstruction of game impacts
and injuries Neurosurgery 53 799814

Prather ] C, Meng Y, Bolt M, Horton T and Adams M 2019 Wireless head impact monitoring system utilizing eye movement as a surrogate
for brain movement AEU-Int. J. Electron. Commun. 105 54—61

Rago V, Brito J, Figueiredo P, Costa J, Barreira D, Krustrup P and Rebelo A 2020 Methods to collect and interpret external training load using
microtechnology incorporating GPS in professional football: a systematic review Res. Sports Med. 28 43758

Ramasamy M and Varadan V K 2016 Wearable nanosensor system for monitoring mild traumatic brain injuries in football players
Nanosensors, Biosensors, and Info-Tech Sensors and Systems 2016 9802 (International Society for Optics and Photonics) 980218

Rich AM, Filben T M, Miller L E, Tomblin B T, Van Gorkom A R, Hurst M A, Barnard R T, Kohn D S, Urban J E and Stitzel ] D 2019
Development, validation and pilot field deployment of a custom mouthpiece for head impact measurement Ann. Biomed. Eng. 47
2109-21

Rico-Gonzalez M, Los Arcos A, Clemente F M, Rojas-Valverde D and Pino-Ortega J 2020 Accuracy and reliability of local positioning
systems for measuring sport movement patterns in stadium-scale: a systematic review Appl. Sci. 10 5994

Rowson S and Duma S M 2013 Brain injury prediction: assessing the combined probability of concussion using linear and rotational head
acceleration Ann. Biomed. Eng. 41 87382

RyanJ L, Pracht E E and Orban B L 2019 Inpatient and emergency department costs from sports injuries among youth aged 5-18 years BMJ
Open Sport Exercise Med. 5 000491

Schneider C, Hanakam F, Wiewelhove T, Déweling A, Kellmann M, Meyer T, Pfeiffer M and Ferrauti A 2018 Heart rate monitoring in team
sports—a conceptual framework for contextualizing heart rate measures for training and recovery prescription Frontiers Physiol.
9639

Schweiger D, Critcher S, Freeborn T ] and Hibberd E 2020 Throwing event detection using acceleration magnitude collected with wrist-
worn sensors 2020 Southeast. Con. (IEEE) pp 1-7

Seshadri DR, LiR T, Voos ] E, Rowbottom J R, Alfes CM, Zorman C A and Drummond C K 2019 Wearable sensors for monitoring the
physiological and biochemical profile of the athlete NPJ Digit. Med. 2 1-6

Seshadri D R, Magliato S, Voos ] Eand Drummond C 2019 Clinical translation of biomedical sensors for sports medicine J. Med. Eng.
Technol. 43 6681

Seshadri D R, Rowbottom J R, Drummond C, Voos ] E and Craker ] 2016 A review of wearable technology: moving beyond the hype: from
need through sensor implementation 2016 8th Cairo Int. Biomedical Engineering Conf. (CIBEC) (Piscataway, NJ) (IEEE) pp 52-5

Seshadri D R, Thom M L, Harlow E R, Gabbett T ], Geletka B ], Hsu J J, Drummond CK, Phelan D M and Voos ] E 2021 Wearable technology
and analytics as a complementary toolkit to optimize workload and to reduce injury burden Frontiers Sports Active Living 2 228

Shi Liangliang, Han Yong, Huang Hongwu, Davidsson Johan and Thomson Robert 2020 Evaluation of injury thresholds for predicting
severe head injuries in vulnerable road users resulting from ground impact via detailed accident reconstructions Biomechanics and
Modeling in Mechanobiology 19 1845-63

Siegmund G P, Guskiewicz KM, Marshall S W, DeMarco A L and Bonin S J 2016 Laboratory validation of two wearable sensor systems for
measuring head impact severity in football players Ann. Biomed. Eng. 44 125774

Stagno KM, Thatcher R, Van and Someren K A 2007 A modified TRIMP to quantify the in-season training load of team sport players
J. Sports Sci. 25 629-34

Stone T, Stone N, Roy N, Melton W, Jackson ] B and Nelakuditi S 2018 On smart soccer ball as a head impact sensor IEEE Trans. Instrum.
Meas. 68 2979-87

Stretch R A 1995 The seasonal incidence and nature of injuries in schoolboy cricketers South Afr. Med. J. 85 1182—4

Takhounts E G, Hasija V, Ridella S A, Rowson S and Duma S M 2011 Kinematic rotational brain injury criterion (BRIC) Proc. of the 22nd
Enhanced Safety of Vehicles Conf. 11-0263 pp 1-10

Takhounts Erik, Craig Matthew, Moorhouse Kevin and McFadden Joe 2013 Development of Brain Injury Criteria (BrIC) Stapp Car Crash
Journal 57 243-66

TheodoropoulosJ S, Bettle ] and Kosy J D 2020 The use of GPS and inertial devices for player monitoring in team sports: a review of current
and future applications Orthopedic Rev. 12

17


https://doi.org/10.1007/s10439-020-02658-y
https://doi.org/10.1007/s10439-020-02658-y
https://doi.org/10.1007/s10439-020-02658-y
https://doi.org/10.23736/S0022-4707.21.12752-5
https://doi.org/10.23736/S0022-4707.21.12752-5
https://doi.org/10.1136/bjsports-2016-097152
https://doi.org/10.1136/bjsports-2016-097152
https://doi.org/10.1136/bjsports-2016-097152
https://doi.org/10.1242/dmm.011320
https://doi.org/10.1242/dmm.011320
https://doi.org/10.1242/dmm.011320
https://doi.org/10.1186/s40798-019-0233-9
https://doi.org/10.1123/ijspp.2017-0268
https://doi.org/10.1123/ijspp.2017-0268
https://doi.org/10.1123/ijspp.2017-0268
https://doi.org/10.1080/87565641.2015.1016161
https://doi.org/10.1080/87565641.2015.1016161
https://doi.org/10.1080/87565641.2015.1016161
https://doi.org/10.1123/ijspp.2019-0028
https://doi.org/10.1123/ijspp.2019-0028
https://doi.org/10.1123/ijspp.2019-0028
https://doi.org/10.1113/JP272421
https://doi.org/10.4085/1062-6050.52.2.05
https://doi.org/10.4085/1062-6050.52.2.05
https://doi.org/10.4085/1062-6050.52.2.05
https://doi.org/10.4085/1062-6050.52.2.05
https://doi.org/10.1080/17461391.2020.1842513
https://doi.org/10.1080/17461391.2020.1842513
https://doi.org/10.1080/17461391.2020.1842513
https://doi.org/10.1093/neurosurgery/53.3.799
https://doi.org/10.1093/neurosurgery/53.3.799
https://doi.org/10.1093/neurosurgery/53.3.799
https://doi.org/10.1016/j.aeue.2019.04.003
https://doi.org/10.1016/j.aeue.2019.04.003
https://doi.org/10.1016/j.aeue.2019.04.003
https://doi.org/10.1080/15438627.2019.1686703
https://doi.org/10.1080/15438627.2019.1686703
https://doi.org/10.1080/15438627.2019.1686703
https://doi.org/10.1007/s10439-019-02313-1
https://doi.org/10.1007/s10439-019-02313-1
https://doi.org/10.1007/s10439-019-02313-1
https://doi.org/10.1007/s10439-019-02313-1
https://doi.org/10.3390/app10175994
https://doi.org/10.1007/s10439-012-0731-0
https://doi.org/10.1007/s10439-012-0731-0
https://doi.org/10.1007/s10439-012-0731-0
https://doi.org/10.1136/bmjsem-2018-000491
https://doi.org/10.3389/fphys.2018.00639
https://doi.org/10.1109/SoutheastCon44009.2020.9249695
https://doi.org/10.1109/SoutheastCon44009.2020.9249695
https://doi.org/10.1109/SoutheastCon44009.2020.9249695
https://doi.org/10.1038/s41746-019-0150-9
https://doi.org/10.1038/s41746-019-0150-9
https://doi.org/10.1038/s41746-019-0150-9
https://doi.org/10.1080/03091902.2019.1612474
https://doi.org/10.1080/03091902.2019.1612474
https://doi.org/10.1080/03091902.2019.1612474
https://doi.org/10.1109/CIBEC.2016.7836118
https://doi.org/10.1109/CIBEC.2016.7836118
https://doi.org/10.1109/CIBEC.2016.7836118
https://doi.org/10.3389/fspor.2020.630576
https://doi.org/10.1007/s10237-020-01312-9
https://doi.org/10.1007/s10237-020-01312-9
https://doi.org/10.1007/s10237-020-01312-9
https://doi.org/10.1007/s10439-015-1420-6
https://doi.org/10.1007/s10439-015-1420-6
https://doi.org/10.1007/s10439-015-1420-6
https://doi.org/10.1080/02640410600811817
https://doi.org/10.1080/02640410600811817
https://doi.org/10.1080/02640410600811817
https://doi.org/10.1109/TIM.2018.2872307
https://doi.org/10.1109/TIM.2018.2872307
https://doi.org/10.1109/TIM.2018.2872307
https://doi.org/10.4081/or.2020.7863

10P Publishing

Physiol. Meas. 43 (2022) 03TRO01 R Chengand ] Bergmann

Thornton HR, DelaneyJ A, Duthie G M and Dascombe B ] 2019 Developing athlete monitoring systems in team sports: data analysis and
visualization Int. J. Sports Physiol. Perform. 14 698—705

Vallance E, Sutton-Charani N, Imoussaten A, Montmain J and Perrey S 2020 Combining internal-and external-training-loads to predict
non-contact injuries in soccer Appl. Sci. 10 5261

Vanltallie T B 2019 Traumatic brain injury (TBI) in collision sports: possible mechanisms of transformation into chronic traumatic
encephalopathy (CTE) Metabolism 100 153943

Vasquez-Bonilla A A, Camacho-Cardefiosa A, Timén R, Martinez-Guardado I, Camacho-Cardenosa M and Olcina G 2021 Muscle oxygen
desaturation and re-saturation capacity limits in repeated sprint ability performance in women soccer players: a new physiological
interpretation Int. J. Environ. Res. Public Health 18 3484

Versace ] 1971 A review of the severity index 15th Stapp Car Crash Conf. Proc., Sociey of Automotive Engineers pp 771-96

Warburton D E, Nicol C W and Bredin S S 2006 Health benefits of physical activity: the evidence Crnaj. 174 801-9

Wellman A D, Coad S C, Goulet G C and McLellan C P 2017 Quantification of accelerometer derived impacts associated with competitive
games in national collegiate athletic association division i college football players J. Strength Cond. Res. 31 330-8

West SW, Williams S, Cazzola D, Kemp S, Cross M ] and Stokes K A 2021 Training load and injury risk in elite rugby union: the largest
investigation to date Int. J. Sports Med. 42 731-9

Wheeler S 2012 The significance of family culture for sports participation Int. Rev. Sociol. Sport 47 235-52

Williamson I J and Goodman D 2006 Converging evidence for the under-reporting of concussions in youth ice hockey Br. J. Sports Med. 40
128-32

Worsey M T, Jones B S, Cervantes A, Chauvet S P, Thiel D V and Espinosa H G 2020 Assessment of head impacts and muscle activity in
soccer using a T3 inertial sensor and a portable electromyography (EMG) system: a preliminary study Electronics 9 834

WuL Cetal2017 Detection of American football head impacts using biomechanical features and support vector machine classification Sci.
Rep. 8855

Wu§, Zhao W, Ghazi K and Ji $ 2019 Convolutional neural network for efficient estimation of regional brain strains Sci. Rep. 9 1-1

Yang KH, Hu J, White N A, King A I, Chou C C and Prasad P 2006 Development of numerical models for injury biomechanics research: a
review of 50 years of publications in the Stapp Car Crash Conf. 50 pp 429-90

Zhan X, Liu Y, Raymond SJ, Alizadeh HV, Domel A, Gevaert O, Zeineh M, Grant G and Camarillo D B 2021 Rapid estimation of entire
brain strain using deep learning models IEEE Trans. Biomed. Eng. 68 pp.3424-34

18


https://doi.org/10.1123/ijspp.2018-0169
https://doi.org/10.1123/ijspp.2018-0169
https://doi.org/10.1123/ijspp.2018-0169
https://doi.org/10.3390/app10155261
https://doi.org/10.1016/j.metabol.2019.07.007
https://doi.org/10.3390/ijerph18073484
https://doi.org/10.4271/710881
https://doi.org/10.4271/710881
https://doi.org/10.4271/710881
https://doi.org/10.1503/cmaj.051351
https://doi.org/10.1503/cmaj.051351
https://doi.org/10.1503/cmaj.051351
https://doi.org/10.1519/JSC.0000000000001506
https://doi.org/10.1519/JSC.0000000000001506
https://doi.org/10.1519/JSC.0000000000001506
https://doi.org/10.1055/a-1300-2703
https://doi.org/10.1055/a-1300-2703
https://doi.org/10.1055/a-1300-2703
https://doi.org/10.1177/1012690211403196
https://doi.org/10.1177/1012690211403196
https://doi.org/10.1177/1012690211403196
https://doi.org/10.1136/bjsm.2005.021832
https://doi.org/10.1136/bjsm.2005.021832
https://doi.org/10.1136/bjsm.2005.021832
https://doi.org/10.1136/bjsm.2005.021832
https://doi.org/10.3390/electronics9050834
https://doi.org/10.1038/s41598-017-17864-3
https://doi.org/10.1038/s41598-019-53551-1
https://doi.org/10.1038/s41598-019-53551-1
https://doi.org/10.1038/s41598-019-53551-1
https://doi.org/10.1109/TBME.2021.3073380

	1. Introduction
	2. Methods
	3. Findings and discussions
	3.1. Workload monitoring
	3.1.1. External workload monitoring in contact sports
	3.1.2. Internal workload monitoring in contact sports
	3.1.3. Workload monitoring in throwing sports
	3.1.4. Workload measures and injury rate predictions

	3.2. Impact monitoring
	3.2.1. Miscellaneous collisions monitoring
	3.2.2. Head impact monitoring
	3.2.2.1. Finite element models for head impact
	3.2.2.2. Alternative monitoring head impact solutions


	4. Further considerations
	5. Conclusion
	References



