International Journal of Sports Physiology and Performance, 2017, 12, S2-161  -S2-170
https://doi.org/10.1123/IJSPP.2017-0208
© 2017 Human Kinetics, Inc.

CONSENSUS PAPER

Monitoring Athlete Training Loads: Consensus Statement
Pitre C. Bourdon, Marco Cardinale, Andrew Murray, Paul Gastin, Michael Kellmann, Matthew C. Varley,
Tim J. Gabbett, Aaron J. Coutts, Darren J. Burgess, Warren Gregson, and N. Timothy Cable
Monitoring the load placed on athletes in both training and competition has become a very hot topic in sport science. Both
scientists and coaches routinely monitor training loads using multidisciplinary approaches, and the pursuit of the best methodologies to capture and interpret data has produced an exponential increase in empirical and applied research. Indeed, the field
has developed with such speed in recent years that it has given rise to industries aimed at developing new and novel paradigms
to allow us to precisely quantify the internal and external loads placed on athletes and to help protect them from injury and ill
health. In February 2016, a conference on “Monitoring Athlete Training Loads—The Hows and the Whys” was convened in
Doha, Qatar, which brought together experts from around the world to share their applied research and contemporary practices in this rapidly growing field and also to investigate where it may branch to in the future. This consensus statement brings
together the key findings and recommendations from this conference in a shared conceptual framework for use by coaches,
sport-science and -medicine staff, and other related professionals who have an interest in monitoring athlete training loads and
serves to provide an outline on what athlete-load monitoring is and how it is being applied in research and practice, why load
monitoring is important and what the underlying rationale and prospective goals of monitoring are, and where athlete-load
monitoring is heading in the future.
Keywords: injury prevention, wearable technologies, workload, prescribing performance
Monitoring athletes’ training load is essential for determining
whether they are adapting to their training program, understanding
individual responses to training, assessing fatigue and the associated need for recovery, and minimizing the risk of nonfunctional
overreaching, injury, and illness. However, despite the recent
boom in research in this area much of what is known about athlete
monitoring still comes from personal experiences and anecdotal
information or remains unpublished.1 To help address this issue,
a conference on “Monitoring Athlete Training Loads—The Hows
and the Whys” was held at the Aspire Academy, Doha, Qatar,
in February 2016. The conference brought multidisciplinary
experts together to share their cutting-edge applied research and

Primary affiliations: Bourdon, Cardinale, Murray, and Cable, Sport Science, and Varley and Gregson, Football Performance and Science, Aspire
Academy, Doha, Qatar. Gastin, School of Exercise and Nutrition Sciences,
Deakin University, Melbourne, Australia. Kellmann, Faculty of Sport
Science, Ruhr-University Bochum, Germany. Gabbett, Inst for Resilient
Regions, University of Southern Queensland, Ipswich, Australia. Coutts,
Sport and Exercise Discipline Group, University of Technology Sydney,
Australia. Burgess, Port Adelaide Football Club, Adelaide, Australia.
Secondary affiliations: Bourdon and Burgess, School of Health Sciences,
University of South Australia, Adelaide. Cardinale, University of St Mark
& St John, Plymouth, UK. Murray, Athletics Dept, University of Oregon,
Eugene. Kellmann, School of Human Movement and Nutrition Sciences,
University of Queensland, Brisbane, Australia. Varley, Inst of Sport, Exercise and Active Living, Victoria University, Melbourne, Australia. Gabbett,
Gabbett Performance Solutions, Brisbane, Australia. Gregson and Cable,
Research Inst for Sport and Exercise Sciences, Liverpool Johns Moore
University, UK Address author correspondence to Pitre C. Bourdon at
pitre.bourdon@aspire.qa.

contemporary practices. This consensus paper provides a summary of the key research and practical themes presented at the
conference and provides directions for future developments in
training-load monitoring.

Defining Training Load
Measures of training load can be categorized as either internal
or external. For the context of this paper internal training loads
are defined as the relative biological (both physiological and
psychological) stressors imposed on the athlete during training or
competition. Measures such as heart rate, blood lactate, oxygen
consumption, and ratings of perceived exertion (RPE) are commonly used to assess internal load. On the other hand, external
training loads are objective measures of the work performed by the
athlete during training or competition and are assessed independently of internal workloads. Common measures of external load
include power output, speed, acceleration, time–motion analysis,
global positioning system (GPS) parameters, and accelerometerderived parameters. A summary and evaluation of some common
methods used to monitor athlete training load and/or responses
are presented in Table 1.
An integrated approach to training load is also important,
and for this reason internal and external training loads should
be used in combination to provide greater insight to training
stress. For example, athletes repeating the exact same session
on different days may maintain the same power output for the
same duration (ie, same external load) but experience quite
different internal loads (heart rate, blood lactate, RPE, etc)
depending on their state of fatigue, emotional disturbances,
recent training history, or illness. This uncoupling of internal
and external loads may aid in determining if an athlete is fresh or
fatigued.1
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How Is Training Load Monitored?
GPS Measures in Team Sports
External training load in team sports is routinely measured using
GPS. GPS devices measure distance calculated by positional differentiation. Although velocity can be derived from distance, it is
more commonly calculated via the Doppler-shift method as this
results in greater precision and fewer errors,2 and acceleration is
subsequently derived from velocity. Due to the inherent “noise” in
GPS velocity and acceleration data they are often processed using
a smoothing filter in the manufacturer’s software. The type of filter
may vary according to manufacturer and may change with software
and firmware updates. The raw or smoothed data can be exported
from the manufacturer’s software for custom analysis using custom-made software. Unfortunately, not all manufacturers disclose
information relating to how the data are processed or allow access
to raw data. Therefore, practitioners should endeavor to be aware of
the type of data processing they are using and maintain consistency
in their analysis methods (and indeed consistency of equipment).
The validity and reliability of GPS devices have been extensively reviewed elsewhere.3 In brief, it appears that validity and
reliability for measuring distance and velocity are improved with
a higher sampling frequency.4,5 However, the ability of GPS to
accurately measure velocity is reduced when there is a high rate
of change in velocity.5,6 Therefore, acceleration, deceleration, and
directional change should be interpreted with caution. It is also difficult to determine the within-unit reliability of GPS devices using
human participants as this requires precise replication of movement
throughout a course or circuit. Future research assessing within-unit
reliability using robotic technology to exactly replicate velocity
during a task is therefore required. Furthermore, to minimize interunit variability, the same unit should be used to monitor an athlete,7
and a new validation should occur for each GPS model or after any
software or firmware updates that may alter the data processing.
Typically external-load metrics derived from GPS can include
the distance or number of efforts an athlete undertakes in various
speed or acceleration thresholds.8,9 External-load metrics are often
misinterpreted either during analysis or on communication to other
sports practitioners. For example, sprint distance typically refers to
when an athlete is moving faster than the sprint-velocity threshold
(ie, 7 m/s). This differs from how a sprint is thought of during
training and testing, where the sprint commences from a static start.
Similarly, an acceleration effort is the time the athlete spends above
a given rate of acceleration (ie, 3 m/s2). As the rate of acceleration
declines rapidly after a maximal acceleration this may only refer
to the athlete’s first 1 or 2 steps. It is important to delineate these
metrics precisely to coaches and practitioners before they are used,
especially as there seems to be an exponential growth in the number
of new metrics available to users of wearable technology.

Endurance Sports
A wide variety of internal-load-monitoring methods are commonly
used in endurance sports, including RPE assessments, psychological
inventories, training impulse (TRIMP), and physiological measures
such as heart rates and it derivatives, blood lactate concentrations,
and oxygen consumption. External measures such as speed, power
output, training time, and distance are also commonly used (see
Table 1). Concurrent assessment of specific load measures (external and internal) allows an assessment of combined physiological
and psychological stress and also allows applied researchers and

practitioners to evaluate fatigue/recovery status, adjust individual
training prescription, and determine relationships between these
loads and performance.10 Furthermore, such metrics allow the
categorization of training stimulus into relative zones of intensity
(low, moderate, high).
Even though there is no single, definitive marker that can accurately quantify the fitness and fatigue responses to training,11 the
development and validation of equipment and methods to quantify
endurance training and competition loads have developed considerably in recent years. Key features of such systems should include
ease of use and intuitive design, efficient result reporting, ability
to be used remotely, translatability of data into simple outcomes,
flexibility and adaptability for different sports, ability to simply and
efficiently identify meaningful change, an assessment of cognitive
function, and capability of providing both individual and group
responses.1,10

Strength and Power Training
Strength and power training are integral components of most training
programs. Progressions of load are typically performed by recording
the load lifted, the total number of repetitions completed for each
load, and the calculation of total volume and intensity.12 Volume
load (number of repetitions × external load [kg]) has been used to
monitor athletes and to quantify strength/power training loads as
it does not require additional equipment and is a very convenient
approach to training quantification. Such quantification has been
extended by determining the mechanical work performed during
resistance exercise.13 This requires the measurement of force and
displacement of the barbell and/or ground-reaction force during
jumping-type activities. Several methods have been suggested
for this task, including video analysis,14,15 inertial sensors and
accelerometers,16,17 force plates,18 linear position transducers,19
and V-scope.20
While some have shown good validity and reliability, their
implementation in the applied setting has been challenging due to
the cost, as well as the time and manpower requirements for collecting, analyzing, and reporting data. So far, linear encoders, inertial
sensors, and accelerometers have shown promise in quantifying
various aspects of training load in the gym. However, due to the
proliferation of new sensors on the market and the absence of associated validity and reliability data, it is important for practitioners to
exercise caution when implementing their use. It is advisable to use
valid sensors in monitoring training and to ensure that the software
used is performing correctly and reliably so that the resultant data
can be used for meaningful inferences and comparison.

Load Monitoring in Young Athletes
The quantification of training and competition loads in children is
important as evidence suggests a relationship between high volumes
of training in adolescent years (13 to 14 y) and injury and subsequent
early retirement.21 For example, young cricket fast bowlers (14.7 ±
1.4 y) had 3.1 times higher injury risks when they had less than 3.5
days rest between bowling episodes.22 In addition, baseball pitchers
(8–14 y) showed a relationship where a moderate volume of pitches
was protective against injury, a low volume made no difference,
and a high volume (>600 pitches in a season) elicited a higher risk
of injury that increased with each additional pitch.23 These studies
clearly indicate that when dealing with young athletes, planning
appropriate training loads and the management of loading patterns
is important to guarantee a long sporting career. In addition, load
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monitoring may be more effective in preventing lost days of training, which is extremely important for training development and
exposure to progressive increases in training volume.
It is recommended that young athletes keep training diaries
not only with the view of understanding their training loads but
also to understand the loading implications of their attendance,
performance, and health. While numerous approaches can be
used to quantify training, RPE-related measures should be used
with caution as the ability of young athletes to self-assess their
perception of load and effort can be unreliable. RPE should also
not be considered in isolation but should be linked to other objective quantification methods such as volume, loads, jumps,24 or
pitch counts.25 In addition, other metrics of internal loads should
be implemented depending on the sport, the age, and the access
to appropriate tools.
Furthermore, lifestyle factors should be quantified in young
athletes, because many non-training- or non-competition-related
stressors are linked to burnout and/or abandoning sport. The
adolescent years are periods of high stress (family and academic
commitments), and for these reasons monitoring how young athletes cope with training should employ a holistic approach, with
decisions about an acceptable level of overall load taken jointly
between athletes’ support and family teams. This may encompass
psychological measures, physiological measures (ie, heart-rate
monitoring,26 acute:chronic-workload ratios [ACWR]27), physiotherapy measures (ie, daily screening, injury monitoring28), coach
input (ie, record of prescribed and actual training, performance
times), and conversations with the athlete. These data need to be
assessed for any clinically significant changes before an informed
decision is made on future training loads.

Psychological Measures for Monitoring Training
Loads
Interindividual and intraindividual differences in recovery potential,
exercise capacity, nontraining stressors, and stress tolerance may
explain the different degrees of vulnerability experienced by athletes
under identical training conditions. The key is to evaluate athletes
individually, monitor them regularly, and compare the obtained
data longitudinally. Overtraining studies have demonstrated that
psychological indicators are more sensitive and consistent than
physiological indicators.29 In addition, psychological measures can
be applied and reported more quickly (minutes) than physiological
or blood markers, which can take days or weeks to assess.
Common indices used within session include the Profile of
Mood States30 and its derivatives (see Saw et al31), Borg RPE,32
session RPE (sRPE),33 and the Recovery-Stress Questionnaire for
Athletes.34,35 Recently, the Acute Recovery and Stress Scale and its
short version the Short Recovery and Stress Scale36 were developed
to satisfy the request of sports practitioners for an economic, valid,
and change-sensitive psychometric instrument to quantify recovery
and stress. Saw et al31 (in this supplement) provide an overview
of characteristics of various monitoring instruments used in sport
science and guidelines for selecting appropriate assessment tools.
Selecting the right instrument for monitoring training loads
depends on the perspective the practitioner has on the use of the
data. First, the instrument needs to be valid and reliable and, ideally, come with a manual describing in detail its application and
the development process and provide theoretical background and
empirical data. Second, it needs to be decided if the measure is to
be used for research purposes or for applied feedback to athletes
and coaches. Third, the time frame of the tool is important; for

example, should it be a more global (eg, past 3 days/nights) or a
very specific time frame (right now). Fourth, a clear feedback loop
needs to be established, and ideally a qualified practitioner will
provide educational information to athletes and intervene if special
circumstances arise. Fifth, the data should not be used for selection
purposes; otherwise it will undermine compliance and increase the
chances of faked data. Finally, an economical and conscious decision on when data are needed is important. Sometimes it is more
practical to have a brief instrument on a daily or weekly basis and
combine it with a longer, detailed measure when special preparation
phases or competitions are completed.

Why Is Athlete-Load Monitoring
Important?
Applying Load Monitoring to Facilitate Coach
Decision Making
The professional world of elite sports offers unique challenges for
sports-science and sports-medicine (SSM) practitioners when monitoring load and its manipulation. These challenges typically surround
athlete and coach belief, the resources available, and the relationship
between the applied environment and the available evidence.
The evidence on load monitoring is often collected in distant
and retrospective studies performed on semielite populations. SSM
practitioners wishing to apply such evidence should adapt, rather
than wholly adopt, the evidence-based practices specifically to their
squad and possibly conduct in-house validation of their practices.
This will ensure that any results from monitoring emanate from
robust practice.
A primary goal of load monitoring should be to assist and
inform coach/manager decision making on player availability for
training. Where possible, coach/player education on reasons for,
and outcomes from, monitoring should take place at the start of
every preseason. Information should be simplified, with reporting
limited to a few key metrics. SSM practitioners also need to provide
feedback to players and recommendations to coaches in the context
of their specific circumstance. Ideally, monitoring reports should
be placed appropriately in change rooms/facilities with individual
feedback, rather than just group means. This not only provides
further education but also demonstrates to athletes and coaches that
practitioners have the ability to contextualize the results.
SSM practitioners should select both internal and external
monitoring tools that suit their specific situation. Note that a combination of work performed (external load) and impact of work
performed on the player (internal load) provides an assessment
of the athlete’s/team’s capacity to handle the session delivered. If
implemented longitudinally, a combination of internal and external
monitoring can also provide information on training-load adaptation
for both individuals and teams.
Ideally, a combination of objective and subjective tools should
be employed. This ensures an equal balance between athlete perception and quantifiable practice. This is particularly important when
working with a poorly educated or skeptical training group. While
convenient and valid,37,38 sRPE can often be misused by athletes
looking to falsely influence subsequent training sessions. In this
scenario an objective form of monitoring may be more appropriate while athletes are familiarized and trained in the appropriate
methods for providing sRPE.
In addition, some coaches may feel that placing monitoring
devices on athletes alters their focus from skill execution to physical
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performance. In this scenario the SSM practitioner should seek other
methods to quantify load, such as sRPE, coach sRPE, or heart-rate
monitoring.
SSM practitioners working in elite sport environments should
therefore be aware of athlete and coach preferences, as well as the
available evidence on load monitoring for their sport. Practitioners
should then select appropriate, specific, and even adapted methodologies to inform practice.

Analyzing Training-Load Data
One of the major challenges for scientists and coaches who collect
training data is to be able to analyze them to make meaningful inferences on the efficacy of the training processes for individual athletes
and coaches. Indeed, there has been a recent increase in the number
of both scientific reports and case studies using various analyses of
training-load data to infer on readiness to perform, risk of illness,
injury risk, and return to play from injury in athletes.27,39–42 The
following section describes the common methods used to analyze
these training-load data.
The original fitness–fatigue model
reported by Banister et al43 used a systems-theory approach to
analyze the responses to physical training and is described as

Fitness–Fatigue Model.

Modeled performance =
fitness from training model – K(fatigue from training model

where K is the constant that adjusts for the magnitude of the fatigue
effect relative to the fitness effect.
Several other groups have modified this initial model to account
for changes in training monotony (ie, variation in training-load stimulus) and increased fatigue,44–48 but essentially each model suggests
that the training impulse (or training load) elicits fitness responses
that increase performance and also produce fatigue responses that
decrease performance. This approach results in impulse-response
models that relate training loads to performance, accounting for the
dynamic and temporal characteristics of training and the effects of
training over time.
Although this approach has been used to guide training planning49 and predict future performance and fitness and fatigue
levels,42,48,50,51 it has been criticized for oversimplifying complex
relationships between training and performance.52,53 Indeed, such
models have shown large variability in parameters and precision
in predicting performance in highly trained athletes.52 In addition,
these models assume a single measure to represent performance,
which limits their application to sports where physical and technical/tactical performance may represent true performance. In reality,
different constructs of an athlete’s performance may develop or
decay at different rates, and these processes are simplified by these
models. Nonetheless, this approach provides a basis to set future
training loads and recovery periods and to understand to general
responses of athletes to training.
Acute:Chronic-Workload Ratio. The ACWR is a simplification of

Banister’s original fitness–fatigue, model, which uses rolling averages to compare training loads completed in a recent period (usually
~5–10 d) with the chronic training load completed over longer period
(usually ~4–6 wk).27,40 This analytical approach has recently been
reported to identify injury risk in a variety of athletes.27,54,55 However, while interesting for monitoring injury risk, the validity of the
ACWR has recently been questioned56,57 as the rolling average fails
to account for the decaying nature of fitness and fatigue effects over
time, and therefore it may not accurately represent variations in the

manner in which loads are accumulated. An alternative method is to
use an exponentially weighted moving average58 for the calculation
of acute and chronic loads, which assigns a decreasing weighting
to compensate for the latency effects of loads.57 Further research is,
however, required to determine if this new model provides a superior
approach for predicting performance and/or injury.
Internal:External-Load Ratio. The internal- and external-load
measures available with today’s microtechnology (eg, GPS) mean
that measures from these devices are becoming of increasing
interest to scientists and coaches as a noninvasive approach to
understand how athletes are coping with training and competition.
The integrated internal:external-load ratio assesses the psychophysiological stress experienced by the athlete (ie, heart rate, RPE, blood
lactate, etc) during training in the context of the external training
load completed and can be used to infer on athlete training status.
For example, an increase in the internal load to a standard external
load may infer athlete fatigue or decreased fitness, while a reduced
internal load (a lower heart rate or perception of effort to a standard
external load) indicates that an athlete is gaining fitness and coping
with training. Furthermore, this may inform on the consequences
of training programs,59 identify fatigue during team-sport competition,60,61 and identify changes in fitness or fatigue status.62 However,
while practically attractive, the implementation of this approach
is limited unless care is taken in controlling and quantifying the
athlete’s external loads63 and the environment in which the exercise
is completed.

Modeling Training Loads With a View to Enhance
or Predict Athletic Performance
Performance responses to training are nonlinear, influenced by a
myriad of training- and non-training-related factors, and difficult
to accurately predict.
Since the initial performance model suggested by Banister
et al43 the systems-model approach has been used to improve the
understanding of the training process and has been applied to predict
an individual athlete’s performance.11,43,46 Indeed, studies that used
the systems-model approach to predict performance have reported a
significant relationship between the modeled and actual performance
in a range of sports including swimming, running, cycling, triathlon,
and hammer throwing (for review see Jobson et al53 and Taha and
Thomas64). Unfortunately, however, the broader application of this
approach to predict performance in highly trained athletes is limited
due to the large amount of unexplained variance in the predictions
for performance across a range of endurance sports.42,65,66 Other
limitations of this approach are that they fail to consider the different responses provided by all of the training stimuli (ie, internal
vs external load or aerobic vs resistance load, etc), and the models
have mostly been applied to individual sports. In addition, they
have not yet been applied to team sports where between-matches
training loads are consistent and there is a relatively small dose of
training between competitions (ie, usually 1 or 2 games per week).
While the predictive accuracy of such models has since been
refined with the addition of time-invariant parameters to take into
account the accumulative effects of fatigue,44 they have still been
unable to consistently predict an individual athlete’s performance
with a high level of confidence in a real-world setting.45,49,64 Moreover, these models do not account for other aspects that influence
competitive performance (ie, environmental, psychological influences, pacing, etc) and may also limit their predictive capacity.
Therefore from a practical point of view, these modeling techniques
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remain of little benefit for predicting future performance in highperformance athletes. Nonetheless, they do provide an important
theoretical framework that allows coaches and scientists to understand and control the training process.
To overcome the limitations of the load-response models, other
complex methods such as nonlinear, multilayer, perception neuralnetwork models have been proposed.67 There have even been a few
case studies that have shown this approach to markedly reduce
prediction error of performances. However, the “black box” nature
of these approaches prevents it from identifying important causal
relationships between the training and outcome relationships, which
limits their usefulness for helping coaches understand training.
Other limitations of these approaches are the requirement for very
large data sets of training load (including performance and other
outcome measures) over extended periods, so that models can be
“trained” to provide strong predictive outcomes.
Recent studies have reported simplified analysis or modeling
of training-load data in a variety of athletes to make inferences on
readiness to perform,42 return to sport,68 and injury risk.69 However,
at present, few studies have examined the sensitivity and specificity of these models to predict performance and injury. Even with
increased use of wearable sensors and enhanced ability to collect
information on training load and the athlete’s responses to training,
future work is still required to enable scientists to make use of these
large data sets and develop valid models that can be used to link
training with the athletes’ responses and performance.

Athlete-Load Monitoring and Injury Prevention
All practitioners involved in the training process (eg, coaches,
physiotherapists, and strength and conditioning staff) are interested in identifying the optimal amount of training to elicit
specific performance levels. This training “dose-response”

relationship is analogous to pharmacological studies where
chemists wish to understand the positive and negative effects
of a particular drug. Sport scientists understand that physically
hard training is required to prepare athletes for the demands of
competition but are also aware that excessive loading can result in
increased injury risk.
Early research reported a positive relationship between training load and injury, suggesting that the harder athletes train the
more injuries they are likely to sustain.70,71 Furthermore, greater
amounts of high-speed running have been associated with greater
lower-body, soft-tissue injury risk,72 while reductions in training
load resulted in fewer injuries and greater improvements in aerobic
fitness.73 However, a significant body of evidence has emerged to
demonstrate that high chronic training loads may protect athletes
against injury.27,41,54,74–77 Collectively, these results suggest that
training load might best be described as the “vehicle” that drives
athletes toward or away from injury.78
In the first study to demonstrate the protective effect of high
training loads, Hulin et al74 reported that cricket fast bowlers who
bowled a greater number of balls over a 4-week period (ie, chronic
training load) had a lower risk of injury than bowlers who bowled
fewer balls. These findings have subsequently been replicated across
a wide range of sports (eg, rugby league, Australian football, Gaelic
football) and have given rise to the ACWR (previously referred to
as training-stress balance)76 (size of current training load relative
to chronic). When the ACWR was in the range of 0.8 to 1.3 (ie, the
acute training load was approximately equal to the chronic training load), the risk of injury was relatively low. However, when the
ACWR was ≥1.5 (ie, the acute training load was much greater than
chronic training load), the risk of injury increased exponentially
(Figure 1).69 The protective effect of training appears to arise from
2 sources: Exposure to load allows the body to tolerate load, and
training develops the physical qualities (eg, strength, prolonged

Figure 1 — The relationship between the acute:chronic-workload ratio and injury risk. Reprinted from Blanch P, Gabbett TJ. Has the athlete trained
enough to return to play safely?: the acute:chronic workload ratio permits clinicians to quantify a player’s risk of subsequent injury. Br J Sports Med.
2016;50(8):471–475.
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high-intensity-running ability, and aerobic fitness) that are associated with a reduced injury risk.79–81
One final point has been underemphasized in the training-loadinjury literature. Although “spikes” in training load may contribute
to injuries, undertraining and “troughs” in training load may elicit
similar negative consequences (Figure 1). For example, a U-shaped
relationship between the number of maximal velocity exposures and
injury risk has been shown in team-sport athletes; both overtraining
and undertraining increased injury likelihood.81 The risk associated
with exposure to maximal-velocity running is mitigated through
exposure to high chronic training loads.82
These results have 3 important practical implications: High
chronic training loads may protect against injury, athletes are
better able to tolerate the high-intensity components of training if
they have been exposed to higher chronic training loads, and the
association of ACWR to injury risk is greater than either acute or
chronic load in isolation.

What Are the Challenges to Load
Monitoring?
Despite the benefits of athlete-load monitoring and the contribution
of this area of sport science to athlete performance, there are limitations that warrant acknowledgment. All methods will have their
own inherent strengths and limitations (see Table 1), which often
depend on the context of the program to which they are applied and
the objectives to be achieved.
Acceptable validity and reliability provide a minimum criterion
for introduction. The standard of competition and the resources
available will then influence the level of tolerance to issues related
to expense, precision, ease of use, and staffing. While standards for
applied practice should be similar to those expected in research,
the choice of method may be influenced by the logistics of implementation. For example, sRPE is an inexpensive method that has
the advantage of being able to quantify load irrespective of mode
or location. In contrast, GPS time–motion analysis is only possible
in an outdoor environment without overhead obstructions, requires
hardware and software, and is restricted to locomotor movements
and position tracking. It is, however, easily interpretable and can
be used to prescribe training. Accelerometers, often integrated with
other sensors in wearable devices, are similar in cost and hardware and software requirements and have the advantage of being
independent of location and activity yet possess limitations in data
interpretation and direct use to prescribe training.
Methods that directly quantify a unit of measure (eg, heart rate,
distance, velocity, time) or are able to count occurrences or repetitions are easily interpretable and can be used to plan and prescribe
training, as well as evaluate the demands of competition. The use
of composite or derivative methods, typically measured in arbitrary
units (eg, TRIMP derived from heart rate), metabolic power (derived
from locomotor acceleration and deceleration), player load (derived
from accelerometer acceleration), and sRPE (derived from perception of effort) adds more complexity to the interpretation of results
but may bring more insight if analyzed correctly.
The objectives of a load-monitoring system and the context in
which it will be applied may determine whether certain limitations
are acceptable or not. A consistent and rigorous approach in a program over an extended period, even with a method that has some
limitations, may provide meaningful data and influence practice,
particularly if used in conjunction with other objective and subjective
measures. Where comparisons are required between programs or

sports or in a research context, then the method must be valid, reliable, and able to lead to more definitive, stand-alone interpretations.

What Is the Future of Athlete-Load
Monitoring?
With the rate of development in miniature technology, wearable
analytics tools, and apps it is relatively easy to predict that the sport
scientist, athlete, and coach of the future will have access to more
sensing solutions for predicting and coordinating performance than
ever before. Market analysis has predicted that approximately 19
million fitness devices are likely to be sold per year, with the prediction to grow to 110 million in 2018.83 The athlete or team already
has access to an array of internal and external markers of load. As
technology becomes refined, the capacity for an integrated device
(or clothing) to chart all aspects of mechanical, physiological, and
psychological load in real time will become a reality. This could
likely also include noninvasive technologies to measure blood and
epigenetic variables (or responses) of load, as well as report calorific
intake/expenditure and recovery processes (sleep, etc).
This brave new world will not only bring challenges around
validity and reliability of measures but also raise significant issues
around the interpretation of data. Some of these measurement issues
have already been commented on in previous sections. However, the
analytic models used will have to become more complex and will
probably involve processes like pattern recognition, advanced neural
networks, and machine learning. Implicit in these developments will
be the need to ensure the integrity and cleanliness of data and the
ecological validity of the models used to predict performance and
injury risk. The challenge will be to ensure that the programmers can
understand the context of the data (for each given sport/event) and
that data can be presented in a meaningful manner to athletes and
coaches. The ability to visualize data in a meaningful way will be
crucial to ensure that training-load activities are able to inform and
influence the coaching process. Studies from the field of business
have shown that customizing and visualizing information correctly
can increase the quality of information and potentially lead to faster
and more accurate receipt and processing of that information.84
In order to develop more evidence-based approaches to training
and given the ever-increasing business nature of elite sport, it will
become increasingly necessary to develop more-effective data
analysis and visualization solutions for coaches and athletes.

Conclusion
The capture and assessment of training- and competition-load data
have a long history in elite sport, and the principles and practices
of measuring external and internal load are relatively well defined.
Within various sport-specific contexts, each variable presents its
own strengths and limitations, all of which must be understood
by the team supporting the athlete. The emergence of new technologies, coupled with new analytical approaches, suggests that
ever-more-powerful tools to predict performance and risk of injury
will soon be available. Nevertheless, to date no single measure has
been identified that can accurately quantify the fitness and fatigue
responses to training or predict performance.1,10,11
While agreement may exist relating to the principal findings and
recommendations in this paper, we acknowledge that the decision
on which monitoring tools or techniques to use should remain with
the professionals working in sport. This will allow
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• The informed selection of sport-specific combinations of internal- and external-load measures
• The ability to individualize load monitoring
• The determination of ACWR
• The delivery of reliable, accurate, and easily interpreted loadmonitoring information to the coach and athlete
thereby potentially
• Enhancing the athlete’s, coach’s, and support staff’s knowledge
of training and competition responses
• Assisting in improving the design of training and recovery
programs
• Reducing the incidence of injury or illness
• Enhancing performance
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