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Executive Summary
It is widely accepted that multiple factors contribute to the etiology of an athletic
injury. However, to date most team sport research has only investigated injury risk
factors independently and for a single exposure. A multifactorial approach, which
accounts for factors (modifiable and non-modifiable) that predispose athletes to injury
when exposed to physical workload, may represent a more holistic method for
explaining their dynamic cause. Thus, the primary aim of this thesis was to investigate
the multifactorial causes of non-contact injury within elite Australian footballers.

Study one aimed to investigate the role of the pre-season training phase and associated
factors (i.e., total cumulative workload, age, previous injury history) on pre-season
and in-season non-contact injury risk, and to identify the highest non-contact injury
risk periods across multiple (n=4) Australian Football League seasons. Results showed
that previous injury history (matches missed due to injury in the previous season) was
not associated with greater injury risk, although a trend for increased risk in older
players (>25 years) was evident during the pre-season. When multivariate modeling
was conducted, low pre-season cumulative workloads were significantly associated
with greater in-season injury risk, particularly the total running distance attained latepre-season (<108 km). Of note, the results identified the pre-competition period (19.1
injuries per 1000 h) during the pre-season phase, and rounds 12-17 (16.0 injuries per
1000 h) during the in-season phase, as the highest injury-risk periods (greatest noncontact injury incidence), highlighting a need for careful management during these
times. These findings suggest that a low total cumulative workload completed during
pre-season may contribute to the predisposing ‘injury risk profile’ formed at the
commencement of the in-season phase.

Study two aimed to build on these findings by identifying in-season injury risk factors
from weekly data collection of numerous variables (subjective wellness,
musculoskeletal screening, workload exposure), and to establish a multivariate model
to (potentially) improve injury prediction accuracy (using area under curve: AUC).
Here, several independent risk factors were associated with non-contact injury,
including a low chronic workload, a relative spike in workload, and greater playing
experience. Interestingly, both musculoskeletal screening and subjective wellness
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were non-significant factors, despite applying an objective, individualized criterion (a
1 standard deviation decline from the individual’s norm) to indicate what may be
termed a ‘red flag’. Notably, when the significant variables were explored within a
multivariate model, the predictive accuracy of the multivariate model (AUC=0.70,
95% CI 0.64-0.75) was significantly (p<0.001) better than all independent univariate
models (AUC range=0.51-0.60). Within this multivariate model, a low chronic
(previous four-week cumulative volume) workload, coupled with an acute (previous
week) de-load or spike, was associated with greater injury risk. Further, simple
“yes/no” wellness responses and playing experience were retained in the multivariate
model, and may therefore contribute to the multifactorial cause of injury. Collectively,
the findings from study one and two encourage the use of a multifactorial analysis
approach to identify high injury risk scenarios in elite Australian footballers.

Subsequently, study three aimed to assess the effect of multiple sessional high injury
risk scenario exposures (as identified in study one and two) on non-contact injury
prediction in order to determine if pre-season cumulative workload volume and
playing experience moderated this relationship through a multivariate analysis.
Results showed a ‘U-shaped’ repeated exposure effect was evident for maximum
speed exposure (>85% of an individual’s maximum speed), with the greatest risk
associated with very low exposures (≤8 sessions exposed). Conversely, a single
session corresponding to a very low chronic workload (sprint distance <599 m over a
rolling 4-week block) condition over the previous week was associated with a greater
injury risk. Minimal exposure to high velocity efforts (maximum speed exposure,
sprint volume) was associated with the greatest injury risk and displayed the greatest
predictive accuracy (AUC=0.64). When multivariate modeling was applied, preseason workload and playing experience were not moderators of this effect. These
results suggest that being under-loaded may be a key mediator for non-contact injury
in elite Australian football. Furthermore, repeated exposures to some high-risk
scenarios (i.e., maximum speed exposure) are required before injury detection is
optimised.

Overall, the findings from this thesis encourage practitioners to embrace the
complexity of injury association and prediction. In using the collective results from
these studies, practitioners may be able to define ‘risk profiles’ for individual players
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to guide injury prevention practice. A multivariate approach may significantly
improve the predictive accuracy of injury risk models by accounting for interaction
and/or moderating effects of contributing factors. Due to the individualized nature of
injury etiology, it is not surprising to see low absolute risk and predictive classification
accuracy associated with these injury risk factors. It is unlikely the injury risk factors
identified here (on a group level) apply to all individuals. However, these results
provide practitioners with multiple high injury risk scenarios (as defined from
commonly collected parameters) to help establish training phase, weekly, and
sessional player injury risk and readiness assessments. Finally, a context-specific
decision making process is encouraged to reduce injury risk, given the likelihood of a
‘false alarm’ if relying solely on a single model output.
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Introduction
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1.0 Background
It has been suggested that as “athletic injuries, like most disease states, are likely
multifactorial in etiology, examining each risk factor separately without controlling
other risk factors would not yield a true picture of how each contributes to the
disease”.1 A recent update to this injury etiology model highlights that the application
of physical workload in combination with internal factors (previous injury,
modifiable/non-modifiable factors) can predispose an athlete to injury.2 Despite this
recent advance, investigations into the interplay of these factors is limited, largely due
to the statistical power and complexity of datasets required to run such multivariate
analyses.

Nonetheless, several independent injury risk factors have been identified in elite team
sport athletes. Past literature has reported modifiable factors such as low strength
ratios in the hamstrings/quadriceps and hip adductors/abductors,3 plus reduced hip
flexor, knee flexor and abduction range of motion (ROM)4-6 as potential risk factors
for injury to the associated muscle groups. These athletic screening tests have provided
some objective insight into biomechanical, strength and flexibility insufficiencies and
asymmetry in athletes (particularly in lower limbs) that may be a crucial component
in preventing injuries.7 Although recent commentary has suggested screening tests
may have limited injury prediction value,8 they may play a positive (players deemed
functionally robust) or negative (player with underlying structural insufficiencies)
moderation role on the workload and injury relationship. In addition, non-modifiable
factors such as age9-11 and previous injury12 13 have been previously associated with
injury, suggesting that these factors may play a role in predisposing athletes to injury
prior to any workload being undertaken.
A recent review14 of workload and injury risk highlighted several independent injury
risk factors, including both low15 16 and high17 18 chronic (multiple weeks) cumulative
workloads; high acute:chronic workload ratio’s (ACWR);19 low chronic workloads in
combination with high ACWR;19 and large (>1250 arbitrary unit [AU]) week-to-week
load changes.17 However, most team sports research has only modelled workload
independently, not accounting for interaction or moderating effects,20 which may
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represent a more holistic method for explaining the dynamic and multifactorial nature
of injury.

Of concern in the current body of literature is the misconception of a risk factor models
ability to explain a population susceptibility (i.e. probability) to injury, or to classify
and predict an individual’s injury risk with a good level of accuracy.21 By ensuring
practitioners are appropriately informed, decisions around training and game
workload modifications would only take place when the highest injury risk scenarios
are observed; ensuring fitness and/or performance benefits are not compromised.

To date, the relationship between multiple risk factors and injury in elite Australian
football (AF) is limited. By analyzing training and game loads whilst accounting for
potential moderating non-modifiable or modifiable individual characteristics,20
greater insight may be provided into the multifactorial cause of injury in elite
Australian footballers.

1.1 Statement of the problem
While there are several studies that have investigated the independent relationship
between workload, internal factors and injury in team sports, there is limited research
approaching this from a multifactorial paradigm, which accounts for interaction or
moderating effects. Furthermore, there is a lack of research investigating the role of
pre-season, periodic in-season assessments (weekly or sessional), and multiple
exposures (i.e. sessional risk factors) on non-contact injury risk and prediction in elite
Australian footballers. By addressing these areas it may be possible to better inform
practitioners on the dynamic and multifactorial nature of sports injuries.

1.2 Thesis aims and hypotheses
The overall aim of this thesis was to identify the multiple factors that contribute to
non-contact injury in elite Australian footballers. Following this brief synopsis
(Chapter 1, Introduction), the Literature Review (Chapter 2) aims to highlight the gaps
in existing research relevant to injury risk and prediction in elite AF. Subsequently,
three original investigations (Chapter 3, 4, and 5) are presented. Firstly, Chapter 3
aims to probe the role of the pre-season training phase on injury risk and the highest
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non-contact injury risk periods across the AFL season. Secondly, Chapter 4 explores
the use of multivariate injury risk modeling to improve non-contact injury risk
detection. Thirdly, Chapter 5 aims to investigate the impact of repeated exposures to
pre-established injury risk factors to improve non-contact injury risk detection and the
potential role of pre-season moderators. To conclude, the Summary and Conclusions
section (Chapter 6) attempts to draw conclusions from the findings of this thesis,
present clinical implications and provide directions for future research.

Outlined below are the specific aims and hypotheses of each original investigation:

Chapter 3 The role of pre-season training on injury risk and high risk
periods
Aims: a) Identify the pre-season training phase factors (non-modifiable and
modifiable) associated with non-contact injury risk in the pre-season and in-season
phase.
b) Identify the highest non-contact injury risk periods across a full Australian Football
League (AFL) season.

Hypotheses: A greater pre-season workload volume will be associated with decreased
in-season injury risk. The early in-season phase will the highest non-contact injury
risk phase, as this is where full competitive games are first introduced.

Chapter 4 The role of weekly in-season factors on injury risk and
prediction
Aims: a) Assess the association between in-season weekly measures of workload,
subjective wellness, musculoskeletal screening measures and non-contact injury in the
subsequent 7 days.
b) Establish a multivariate model combining the best injury risk predictors to aid
individualised workload management.
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Hypotheses: Several factors will be independently associated with increased injury
risk. Multivariate analyses will display greater predictive accuracy than univariate
approaches.

Chapter 5 Repeated exposure to high risk scenarios and potential
moderators

Aims: a) Detail how multiple exposures to previously established high risk scenarios
(HRS) increase injury risk.
b) Determine if a player’s pre-season workload exposure and playing experience
moderates the HRS and injury relationship.
c) Determine the clinical utility of these results in a real-world setting.

Hypotheses: Greater exposure to established HRS will be associated with increased
injury risk. This relationship will be moderated by pre-season workload and playing
experience.

1.3 Contributions of this research
In an era of ‘information overload’ in elite sport, and with the rise of ‘big data’, the
need to streamline injury risk assessments through appropriate analyses is crucial. An
abundance of research has investigated potential injury risk factors independently,
however, this may oversimplify the dynamic and multifactorial etiology of injury. As
such, this thesis looks to embrace the complexity of injury risk and prediction by
implementing a multivariate approach. The findings from this thesis also look to
distinguish between risk factors that are ‘associated with’ and those ‘able to accurately
predict’ injury, to ensure practitioners are appropriately informed when facing training
or game injury risk decisions in a real-world setting.
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2.0 Foreword
In a thesis presented as a series of papers, the University of Western Australia
guidelines do not include a requirement for a traditional “Review of Literature”
chapter, as each experimental paper will include relevant research findings in the text,
particularly in the “Introduction” and “Discussion” sections. Consequently, what
follows here, in Chapter 2, is a succinct review of background information relevant to
the topics investigated in the subsequent experimental papers (i.e., chapters 3-5), but
without unnecessarily duplicating and repeating the specific research findings from
the literature pertinent to each study. Furthermore, research pertaining to injury
incidence within the AFL is (primarily) presented here as current at the
commencement of this thesis (2013), as this helped to formulate the research
questions. However, a brief description of the most recent AFL injury research report
(2016) has also been included where appropriate.
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2.1 Introduction
Understanding the etiology of injury, particularly with respect to prediction and
prevention, in elite team sport athletes is central to the overall success of the team. 1
The ability to develop and regularly field the most talented players “injury free” is
crucial for optimal performance and team success.1 2 Many studies have examined
injury risk factors (internal and external) in elite athletes,2-6 however, most have
approached the issue of etiology using a single factor rather than a multifactorial
paradigm. It has been suggested that as “athletic injuries, like most disease states, are
likely multifactorial in etiology, examining each risk factor separately without
controlling other risk factors would not yield a true picture of how each contributes to
the disease”.7 Therefore, monitoring training and game loads whilst accounting for
potential moderating (i.e. individual characteristics) factors to (potentially) reduce
injury risk is of great importance to professional sporting teams. As such, the purpose
of this literature review is to succinctly summarize the research within AF and
associated team sports, specifically focusing on the relationship between workload,
moderating factors and non-contact injury risk.

Firstly, a brief introduction on the nature of the game and movement demands
associated with elite AF will be presented. Common injuries and recent trends will
then be explored, followed by universal factors (non-modifiable and modifiable) that
may predispose an athlete to injury. Common methods of workload quantification will
then be detailed, with emphasis placed on Global Positioning Systems (GPS), rating
of perceived exertion (RPE), various wellness measures and the associated validity
and reliability of these methods. The relationship between workload and injury will
then be discussed in reference to AF and other team sports. Finally, the common
statistical approaches used (and any associated misconceptions) to determine injury
risk in elite sport will be briefly introduced. Collectively, this information has
important practical applications for informing coaches and sport scientists of the
processes that may detect and highlight potential scenarios that lead to injury across
an AF season.
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2.2 Australian Football
Australian football is a contact sport played between two teams of 18 players (with 4
interchange players on the bench), over four 20-minute quarters (plus “time on”, which
is added time for when play is stopped). During the 2017 season, the AFL consisted
of 18 professional teams from five states across Australia, with the pre-season training
phase generally completed between late November and February, the competition
phase lasting from March to August (24 rounds), and an additional four weeks of finals
matches in September. As with many sports, the game of AF has dramatically changed
over the past 50 years. In particular, the speed and physical demands of the game have
increased considerably in the past three decades.8 9

2.3 Movement Demands of Australian Football
The nature of AF is unique; it has been described as a running game, combining
athleticism with speed, and requiring skillful foot and hand passing.10 As the game has
evolved, players have been subjected to more frequent high-intensity efforts and
physical contests throughout a game.11 In light of these trends, the use of GPS units
has become common within the AFL, in order to better monitor player movement
demands and running volumes. The use of this technology was first allowed in 2005,
when clubs were able to monitor 5 players during 10 games of the regular season.
These restrictions were lifted in 2010, and currently players in all 18 clubs are now
equipped with GPS units throughout all games and training sessions. The data
collected from these units allows for a detailed analysis of training and game
movement demands, allowing practitioners to objectively quantify training and game
loads, to (potentially) improve performance. In recent years, many studies have
explored the application of GPS data within team sports to workload-related injury
risk,3 12 13 as this technology can provide coaches and sport scientists with detailed
objective information on individual player movement patterns.

Since 2005 the AFL Research Board has funded annual GPS research reports, using
data files from all AFL clubs, as coordinated by FitSense Australia. 9 These reports
have provided valuable insights into how the game has evolved, by highlighting areas
of concern, such as an increasing game speed. The AFL has subsequently used this
type of information to help justify the introduction of rule changes (such as the
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substitute rule and interchange cap) in an attempt to reduce injury risk and increase
game safety. Notable changes in the GPS game data in recent years, which may be
attributed to these (and other) rule changes, include moderate reductions in all GPSderived acceleration and deceleration measures (ranging from 20-56%), and small
reductions in average player speed (3.1%; 2011=7.35 km/h; 2012=7.12 km/h) and
average total distance covered (8%; 2011=13.43 km; 2012=12.36 km). 9 Furthermore,
steady-state running time (time above 8 km/h, in minutes) decreased by 11% in 2012
(to 27 minutes) compared to that recorded in previous seasons (i.e., 30 minutes).9
However, caution should be exercised when interpreting these results, since different
GPS brands and models (Catapult, GPSports), plus changes in sampling frequencies
(1Hz units in 2008; 5Hz units in 2011; 10Hz units in 2013) are potential sources of
variation within this data.

Of note, these average player movement demands recorded over several seasons, can
be used as an objective method of assessing training and game workloads, providing
practitioners take steps to ensure consistency and continuity in the collection process
(e.g. a player always wears the same unit). Furthermore, any significant and consistent
deviations from these average player movement demands might be indicative of a
potential increase in injury risk. Despite the apparent reduction in objective GPS game
loads in recent seasons, injury prevalence in the AFL was at an all-time high in 2013,14
and therefore, the potential application of this movement pattern data is of great
interest to sports scientists and coaches in AF and other codes. In a recent comparison,
elite Australian footballers had the highest average running speed (7.74 ± 1.02 km/h)
compared to rugby league (5.82 ± 0.96 km/h) and soccer players (6.24 ± 0.60 km/h)
(effect size [ES]; 1.0-2.8), highlighting the high running demands associated with the
game.15

2.4 Injuries in Australian Football
For the past 25 years, the AFL has consistently monitored injury incidence and injury
trends associated with the evolution of the game, with comprehensive injury reports
generated each year. Through consistent feedback and support from all AFL clubs,
these reports are the longest running injury record publicly released in any professional
sport.14 However, these reports are limited to summarizing injuries occurring across
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the in-season (competition) phase, and do not investigate injury trends across inseason timeframes (i.e. early vs. late in-season) or pre-season training phases. As
training and game demands differ significantly across these phases,3 6 injury trends
specific to the phase (or timeframe within the phase) may provide insight into the
target areas for workload management.

In the AFL, there has been a steady upward trend (since 2003) in the number of new
injuries (2013: 41.5 injuries per club, per season) and average injury prevalence (2013:
158.1 missed games per club, per season) over time, thereby promoting a focus of club
sport science and medical staff towards appropriate injury prevention measures. In the
past 10 years, the game has also further evolved, with players now subjected to greater
high-intensity efforts and physical contests throughout a game.9

11

Further

understanding of the workload and injury relationship may provide insight into this
observed increase in injury incidence in recent years.

As a collision sport, body contact in AF increases the contact injury risk compared to
non-collision sports. For example, the potential to be tackled or bumped from any
angle means the risk of shoulder injuries are high in AF. Shoulder sprains and
dislocations were the most frequent upper body injury in 2013 (1.2 new injuries per
club per season), since both the players tackling, and those being tackled, are at risk
of injury to this body part.14 Notably, the recurrence of such injuries was at an alltime low in 2013 (4%), suggesting injury rehabilitation and prevention practices for
the shoulder girdle are improving. Yet, it may be suggested that these injuries have
limited predictive value from a workload perspective, as they can often occur due to
extrinsic sources (such as opponent contact) that may be unavoidable. The
predominance of lower extremity injuries in AF provides justification to explore
injuries in these body parts in greater depth, particularly from an injury prevention
perspective.14
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2.5 Common Lower Extremity Injuries in Australian
Football
The most common injury in AF (in terms of injury frequency and missed games) is a
hamstring muscle strain. Although the total incidence of this injury in 2013 (5.2 new
injuries per club per season) was lower than seen in the past decade (6.0 new injuries
per club per season), injury severity (4.0 missed games per injury) and recurrence rate
(24%) was at an all-time high. Several factors have been associated with the incidence
of hamstring injuries, such as age, previous injury history, decreased hip abduction
ROM, and high intensity running volumes.2 16-19 Given the high speed and dynamic
nature of AF, players returning to play (from a rehabilitation setting) may be exposed
to large and rapid increases in high speed running volumes, potentially explaining the
high recurrence rate of this injury.

More encouragingly, adductor muscle (groin) strains, another common soft tissue
injury (2.7 new injuries per club per season), remained at the same (low) incidence
rate in 2013 as seen in recent years.14 Furthermore, the recurrence rate of these injuries
was at an all-time low (11%) in comparison to previous years. Potentially, focused
preventive strategies following an initial adductor strain are improving, lowering the
likelihood of a recurrence.

In contrast, calf muscle strains in 2013 were at an all-time-high incidence (3.7 new
injuries per club, per season), prevalence (10.6 missed games per club, per season),
severity (2.8 missed games per injury), and recurrence rate (16%). Player age may be
a relevant risk factor for these injuries, as in 2013, the average age of a player missing
games with a calf strain was 25.5 y (compared to the average AFL player age of 23.5
y). The only injury type with a higher average age was Achilles tendon injuries (26.0
y). Orchard and colleagues14 hypothesized that the substitute rule (in force at the time,
but now discontinued) may have been effective in decreasing the amount of time
players ran at full speed, but increased the amount of stopping and starting. As calf
injuries (biomechanically) commonly occur during “take-off” or the acceleration
phase,20 this rule change may have provided some reason for the increasing incidence
and prevalence of these injuries.
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In the most recent AFL season (2016), the number of new injuries (2016: 37.0 injuries
per club, per season) and average injury prevalence (2016: 139.8 missed games per
club, per season) has slightly decreased from the record high levels in 2013.21
Potentially, better monitoring processes now exist in an AF setting, however, more
research in this area is needed to confirm the efficacy of these monitoring practices.

2.6 Universal Factors that Predispose an Athlete to Injury
With respect to professional team sports (with AF being no different), the ability to
field the best players regularly is a key aspiration of all clubs, as previous research has
highlighted a positive relationship between player availability and team sport success.1
2

Injuries can occur at any time points throughout a season; therefore, identifying the

highest injury risk periods may allow practitioners to review injury risk management
procedures around such injury clusters. Firstly, a number of steps must be taken to
reduce risk on a universal level,22 as several risk factors may predispose a player to
injury and should be considered in subsequent analyses (i.e. the application of
workload).23

It is widely accepted that a multitude of factors can contribute to the occurrence of an
athletic injury. In addition to overall physical workloads, a theoretical model first
devised by Meeuwisse7 has classified intrinsic (internal) risk factors as “predisposing
issues, which may be necessary, but seldom sufficient to produce an actual injury”. To
further illustrate this model, Figure 1 presents an adapted representation from various
sources7 23 24 of the predisposing factors that contribute to injury in an AF setting.

Non-modifiable intrinsic risk factors
Of the non-modifiable risk factors, age is the most notable in elite sport, with the
literature suggesting older players are at significantly greater risk of injury than their
younger counterparts.14

25

Of interest, an increased incidence and prevalence of

hamstring16 18 19 26-28 and calf strains16 have been identified in older athletes across
several team sports. In contrast, with regard to non-specific injury, evidence in AF
suggests first year (emerging) players were less likely to remain injury free during the
in-season, as compared to those players with three or more years (established) of AFL
playing experience.29 Subsequently, age and/or playing experience may be important

35
moderating factors for inclusion when analyzing injury risk and associated factors in
elite team sports.

Additionally, a history of previous injury has been associated with increased
subsequent injury (same and different site) risk.2 16 Arnason and colleagues16 reported
that elite soccer players with a previous groin strain injury in the preceding season had
7.3 times the risk of another groin strain injury occurring as compared to previously
uninjured players. Additionally, any previous injury was also identified to place
players at 4.6 times and 5.3 times greater risk of knee and ankle sprains, respectively.
Hagglund and colleagues2 reported that elite soccer players with a muscle injury in the
preceding season had injury rates up to 3-fold greater than previously uninjured
players. Furthermore, Orchard20 reported the occurrence of hamstring, calf and
quadriceps muscle injuries to be associated with previous muscle injury in these areas.
Collectively, these authors2
tightness

and/or

16 20 30

weakness,

hypothesized that modifications (e.g. tissue
the

presence

of

scar

tissue

and

neuromuscular/biomechanical alterations) may have occurred after the initial injury
that contribute to the subsequent injury, either at the same or different injury site.
However, a concise definition of what constitutes a “previous injury” is yet to be
established, particularly in regards to severity, body type, and the timeframe in which
the previous injury occurred.

Modifiable intrinsic risk factors
It has also been demonstrated that strength and flexibility deficits or imbalances may
increase injury risk. Past literature has identified low strength ratios in the
hamstrings/quadriceps and hip adductors/abductors,31 plus reduced hip flexor, knee
flexor and abduction ROM27 32 as potential risk factors for injury to the associated
muscle groups. In addition, a novel Nordic hamstring tool has been developed to
screen for maximal eccentric hamstring strength and left/right (L-R) imbalances.33
Recent reports have suggested that L-R imbalances greater than 15% and a maximal
eccentric hamstring strength less than 279 N were associated with increased hamstring
strain injury risk across several team sports. 34 35
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These types of athletic screening tests have provided some objective insight into the
biomechanical, strength and flexibility deficiencies and asymmetry in athletes
(particularly in lower limbs) that may be a crucial component in preventing injury.36
In response to test outcomes, training programs (i.e. preventative exercises) and
overall training loads may be appropriately adjusted to the individual athlete, ensuring
that any physical insufficiencies are addressed, and a low (potential) risk of injury is
achieved and maintained. However, recent commentary has highlighted the limitations
of musculoskeletal screening data to predict injuries.37 These include a large
timeframe between the testing battery and the subsequent injury occurrence, and the
assignment of (arbitrary) cut-off values used to dissociate “low-risk” and “high-risk”
athletes across the whole population.

Commonly, periodic physical examinations are performed once only (e.g. at the start
of pre-season), which may leave a time lag of several weeks/months before any
subsequent injury occurs. Therefore, the temporal relationship between movement
screening scores and the date of injury may become complicated. However, where a
player is routinely assessed (e.g. weekly) and the results compared to deviations from
their norm, the temporal relationship is better accounted for by using a time-series
analysis. This likely offers an improved and novel outcome when using
musculoskeletal screening data for injury risk purposes, particularly when combined
with exposure (workload) data.

It is recognized that the ultimate cause of an injury is complicated and multifactorial;
therefore, identifying those factors that are modifiable (to mitigate risk), whilst
accounting for the non-modifiable factors that may predispose an athlete to injury can
be problematic. Although there are multiple factors that may initially predispose an
athlete to soft tissue injury,2 there are now several methods of workload quantification
that provide objective information on sessional player loads, which can help provide
medical and conditioning staff with more objective information to make informed
decisions on individual player injury risk.
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2.7 Workload Quantification and Associated Validity and
Reliability
Sport scientists and conditioning staff quantify athlete workloads in a variety of ways.
These include questionnaires, diaries, physiological measures, direct observation and
other indices of training stress.38 However, there is still much debate over which
workload quantification method is most applicable to team sports such as AF.
Currently, there is no universally recommended measure for assessing workload in
these players, predominately due to the need to cater for a wide range of match and
training movement demands.38

Quantifying workloads by measures such as RPE have been used widely across many
sports. Initially, Foster and colleagues39 established a method to quantify aerobic
exercise workload by multiplying session RPE (sRPE), recorded within 30 minutes of
the end of activity, by the training session duration (minutes). Since then, many studies
have examined the reliability of sRPE for the quantification of workload, with valid
and reliable results reported in team sports such as rugby and soccer. 40-42 Previous
literature has also shown sRPE to correlate strongly to objective measures of heart
rate, blood and muscle lactate, and GPS/accelerometer-derived running loads,42-45
suggesting this subjective measure can provide a valid representation of physical
workload.

Similar subjective measures of fatigue, in the form of wellness questionnaires, are now
commonplace in elite sport.46 These inventories include items both physical (fatigue,
muscle soreness, general muscle tightness, hamstring tightness, quadriceps tightness,
pain/stiffness, power) and psychological or lifestyle-related (sleep quality, stress,
mood, well-being) in nature, to quantify the fatigue levels and/or workload of an
athlete.46 Although both RPE and wellness scores may have high subjective
variability, they can provide an efficient means of monitoring training load and
recovery in elite athletes.47

48

To expand further, comparisons to the individual’s

typical profile (or ‘norm’) may allow practitioners to make informed decisions on
injury risk when a player presents with a significant deviation from their average.49

In recent times, the use of GPS technology as an objective measure to quantify
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movement patterns and workload has become widespread. Past methods of
quantifying movement demands, such as video analysis, were limited in their capacity
to customize data, had low portability and high costs, were labor intensive, time
consuming, and did not allow the analysis of real-time movement data.50 Recent
advances in GPS technology have incorporated faster sampling rates (now
interpolated to 15 Hz), potentially allowing more accurate and reliable measures of
movement patterns within team sports.51 52 This technology also has the potential to
provide a more comprehensive, accurate and automated examination of player
movements in the invasion-style team sports. Recently, extensive validity and
reliability testing has been performed to determine the accuracy and error associated
with GPS measures.50 51 53 54 Many studies have reported GPS derived variables to be
valid and reliable measures of movement patterns in team sports,50

51 53 54

with the

more modern units (i.e. 10+ Hz sampling rate) producing low (<10%) coefficient of
variance (CV) values for measures such as total distance, distances travelled above
selected velocity bands and maximal velocity.55 It should be noted that higher velocity
measures (time and distance above certain speed thresholds) are often associated with
greater levels of variance, thereby warranting the greatest degree of caution in regards
to reliability and validity considerations.52

In addition to overall load variables, the intensity of training sessions can also be
quantified by GPS derived (distance and speed) values per minute. This may provide
further information for use in evaluating injury risk in team sport athletes by
quantifying the acute bouts of intense exercise that may occur throughout a game.
Additionally, in conjunction with advancements in GPS technology, the use of
integrated accelerometers to measure additional movement demands (i.e. gforces/accelerations/decelerations) has also increased. Notwithstanding, in-built triaxial accelerometers (100 Hz sampling) also provide another movement measure by
recording the sum of accelerations in three separate orthogonal axes (anteroposterior,
mediolateral, and vertical). Although yet to be thoroughly explored in the research
literature (due to varying metric calculations52), these measures may assist in
measuring high-intensity, short distance (and multi-directional) running loads in team
sports.
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Most professional sports teams now have extensive databases on individual and team
(average) workloads, however, the potential of using these workload values for injury
prevention/prediction purposes is yet to be fully explored. Additionally, accurate
measures of game workloads provide objective information that can be relayed to a
training environment to best replicate game demands. Many years ago, Nettleton and
Sandstrom56 commented that “the content of training will depend upon intelligent
analysis of the players during a large number of games” (p. 17). Thus, the monitoring
of these loads to help prevent and manage player injuries may prove beneficial in
reducing injury rates and accelerating injury recovery times, as well as improving
training specificity.

2.8 Workload and Injury
Training “overload”, where training stress is not balanced by adequate recovery, is
often attributed as a significant (although largely preventable) cause of injury
(particularly soft tissue).3 6 12 13 46 Training “underload”, where players are ill-prepared
for intense training and/or competitive demands, may also similarly cause injury,57 58
although this is perhaps less well recognized or acknowledged. Therefore, monitoring
training and game workloads, and other variables such as player wellness scores to
(potentially) reduce injury risk is of great importance to professional sporting teams.6
46

However, few studies have explored the relationship between physical workload

and injuries in elite AF players, especially by considering multiple measures of
workload data in a holistic model, which accounts for individual moderating factors.

Workload and injury in Australian football
Piggott and colleagues13 monitored the training workloads of elite AFL players (n=16)
across a pre-season phase of 15 weeks in duration. Using self-reported sRPE and GPSderived running loads (total distance, total distance at speeds >12 km/h) as measures
of training load, these authors reported that corresponding spikes (>10% change: from
one week to the next) in training load could explain 42% of illnesses and 40% of
injuries in the subsequent seven days. However, this study was limited by its short
duration and small sample size, no analysis of cumulative weekly total workload
volumes was performed, and no account was made of AFL system experience
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(average was 5.2 y), which is an important moderating factor when evaluating injury
risk.29
In a larger AFL sample (n=46), Rogalski and colleagues6 used a modified sRPE
(reported in arbitrary units: AU) to quantify workload, and calculated odds ratios (OR)
to explore the relationship between workload and injury in players across one full AFL
season. Here, 1-weekly (>1750 AU, OR=2.44-3.38), 2-weekly (>4000 AU, OR=4.74)
and the absolute change in load from the previous week (>1250 AU, OR=2.58) placed
players at significantly greater injury risk in-season. Building on this methodology,
Colby and colleagues3 investigated accelerometer and GPS-derived running loads and
non-contact injury risk in elite Australian footballers (n= 46) during one full AFL
season. Consistent with the work of Rogalski and colleagues,6 cumulative loads
showed the strongest relationship with increased injury risk. Notably, greater 3-week
cumulative loads (total distance, sprint distance, accelerometer-derived force load)
displayed the greatest association (OR=2.5-5.4, p= 0.008-0.074) with injury risk.
From an injury risk (prevention) perspective, these collective findings support the use
of subjective measures (i.e., sRPE), in addition to several objective measures (i.e.,
GPS/accelerometer running load variables) in AF players for injury risk modeling
purposes.

Workload and injury in team sports
Other team sports, such as rugby league, have also explored the relationship between
workload and injury. Using a modified sRPE scale, Gabbett and Jenkins59 determined
the training load for every session in 79 professional rugby league players, across a
four-year period. Significant correlations were found between increased training loads
(although this analysis did not specify the specific load) and overall injury (r=0.82),
non-contact injury (r=0.82) and contact field injury (r=0.80) rates. Based on these
results, it might be hypothesized that an upper training load limit may exist for team
sport athletes, above which, an unacceptable (greater) injury risk may occur. However,
the application of these findings without exploring the workload range associated with
the greatest risk, and across different sports, is somewhat limited.
Gabbett and Ullah12 also investigated the relationship between low intensity and high
intensity movement activities and lower body soft tissue injuries in 36 elite rugby
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Preliminary investigations suggest an ACWR ratio greater than 1.50 (i.e. fatigue
greater than an individual’s fitness) may be associated with increased injury risk in
elite team sport athletes.58 62 However, the sample sizes of these studies were relatively
small (≤2 seasons) from an epidemiology perspective, and the appropriate statistics to
determine the ability for these cut-points to detect an injury (i.e. sensitivity, specificity,
area under curve) were not explored. For example, an ACWR category (i.e., between
1.50-2.00) may have a greater relative probability of injury (number of injured
cases/total exposure cases within that category; i.e. 1 injury/10 no injury cases),
however, a small number of the total injuries (i.e. 1 in 20) in this cohort were detected
(low sensitivity). Recently, Stares and colleagues63 investigated the validity of the
proposed acute:chronic timeframe (1 week acute:4 week chronic) on injury risk in elite
AF. In this cohort, different timeframes (e.g. 2 week acute:6 week chronic) did not
improve the ability to detect high injury risk conditions. Here, the greatest injury risk
was reported when a player’s chronic workload was low (below the median for the
workload variable of choice) and the ACWR was high (>1.50). However, this research
did not implement multivariate modeling that would have accounted for the (potential)
moderating effects of all workload and non-modifiable factors in combination;
potentially improving the predictive accuracy. Subsequently, further research that
investigates a combination of variables is required to explain the multifactorial
paradigm that causes an injury.

Collectively, this body of workload-injury research provides evidence for the use of
both absolute (cumulative) and relative (week-to-week change, ACWR) workloads
for injury risk modeling in elite AF. However, to ensure sports science and medical
staff are appropriately informed when making decisions on individual risk, the correct
statistical methods also need to be considered and employed.

2.9 Statistical Analysis of Injury Risk in Sport
To date, many studies have examined sports injury causation factors by comparing
injured athletes with uninjured athletes using single variable techniques.64 However,
as multiple (and interrelated) factors contribute to an injury, the need for a more
sophisticated analysis has become necessary.
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Recent investigations3 4 6 have performed logistic regression analyses to determine the
best predictors of injury in rugby league and AF. However, these studies failed to
declare the data as panel (time-series) data; therefore, injury clusters that may be due
to the individual or a specific time point in the dataset were not accounted for. Future
analyses should utilize methods such as generalized estimating equations that can
account for the repeated measures (i.e. weekly workload exposure) within an
individual, to provide greater clarity for within team/individual variances.1 65

Additionally, the presentation of perceived injury risk factors in a simple format that
can be easily relayed to coaching staff is crucial to ensure the data is properly
interpreted and translated into practice. In a simple format, injury probability (also
termed injury likelihood or positive predictive value) is calculated as the total injuries
for a specified range divided by the total cases for a specified range, which can be used
to inform on the absolute risk associated with a risk factor. Furthermore, regression
techniques allow for the result output in the form of ORs/relative risks/incidence risk
ratios, which can be designed to show a relative increase in the risk of injury when
certain risk factors are present. In a practical setting this can show the relative increase
in injury risk for moderate and high workloads, compared to low workloads.3

A recent misconception of injury risk research in sport relates to the lack of distinction
(overlap) of methods pertaining to association and those concerning prediction. As
highlighted in a recent editorial,66 association refers to understanding why an injury
occurred, and may be due to direct or indirect causation. For the injury risk studies
noted in this literature review, ORs/relative risks/incidence risk ratios should be
interpreted as measures of association. Predictive statistics, on the other hand, refer to
the ability to classify (i.e. a player will get injured) at the individual level, with an
appropriate level of accuracy. The statistical terms that explain predictive ability (i.e.
in relation to training load) include sensitivity (the ability of a workload range to
correctly identify an injury), specificity (the ability of a workload range to correctly
identify no injury), likelihood ratio (how much more likely is it that an individual who
falls within a certain workload range will incur an injury), and receiver operating
characteristics area under curves (a plot of false positives against true positives for all
workload cut-off values)66. To ensure practitioners and coaches are appropriately

44
informed on the clinical utility of their risk factors, future research should present both
association and predictive ability statistics.

To date, limited research has presented accurate sports injury prediction models. Only
Gabbett4 managed to develop an injury prediction model (with a suitable level of
accuracy) for non-contact, soft-tissue injuries in elite rugby league players (n=91).
Prospectively, over a four year period, a modified sRPE39 was used to measure training
load, and an injury prediction model based on planned and actual training loads was
developed in an attempt to predict and prevent soft tissue injury. Here, players had the
greatest predicted probability (~50 % chance of injury) of a pre-season injury within
the training load range of 3,000 - 5,000 AU. Players that exceeded the planned training
load threshold were 70 times more likely to sustain a soft tissue injury, whereas players
that did not exceed the planned training load threshold were injured only 1/10th as
often. However, the interpretation of the contributors to this model is difficult, as
model building procedures were not fully explained. Further, the model was limited
in that it only considered sRPE data. As suggested by the authors, future models may
look to include GPS data, self-report measures of fatigue and match workloads, to
further investigate the multifactorial causes of injury.

It is crucial to distinguish between the above methods (association or prediction) to
appropriately guide the cost (unavailable to play) versus benefit (reduced injury risk;
potential long term availability due to no injury) injury risk decision making process
in elite sport environments.67 Consequently, the misinterpretation of risk or action
taken on a very low absolute risk of injury may lead to the misclassification of highrisk players; resulting in unwarranted training or game load modifications and
subsequent fitness and/or performance decrements. Furthermore, this may result in the
loss of “credibility” in the tools and metrics used to assess injury risk.66 Considering
these issues in future research should both inform the practitioner of the absolute risk
associated with varying levels of the risk factors identified, and determine their clinical
utility as injury prediction tools.
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2.10 Summary
An abundance of reliable and valid player data (training and game workloads,
subjective wellness, musculoskeletal screening, player profiles) is regularly collected
and analyzed with the dual purposes of reducing injury risk and maximizing
performance in elite sport settings. Currently, injury risk factors in elite AF have
primarily been investigated in isolation and independent of each other, not accounting
for the potential moderating or interaction effects that may occur between different
factors. However, in considering that all theoretical models of sports injury causation
have been presented as multifactorial paradigms, a multivariate modeling approach
has intuitive appeal and is likely more appropriate. Furthermore, many prior studies
have focused on simple analysis techniques that do not account for the time series
aspects of this type of data, such as repeated measures and team/individual variances.
It is important that correct and appropriate statistical measures are presented to sports
science/medical staff to promote awareness around variables that are associated with
injury, and those that can predict injury with accuracy. Future research should
therefore model the multiple potential factors associated with injury in AF to inform
practitioners of their clinical utility, and to establish a hierarchy of the most important
factors. As such, the following series of studies from this thesis aim to account for
these aforementioned aspects in an attempt to provide greater insight into the holistic
causes of injury.
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The role of pre-season on injury
risk and high risk periods
Pre-season workload volume and high risk periods for intrinsic injury
across multiple Australian Football League seasons.
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3.0 Abstract
The purpose of this study was to assess the association between pre-season workloads
and non-contact injury risk in AF players. Individual player injury data were recorded
over four full seasons (2012-15) from one professional club. Non-contact injury
incidence (per 1000 “on legs” field training and game hours) was compared across the
pre-season, pre-competition and in-season phases to determine relative non-contact
injury risk. Pre-season workloads (GPS-derived total distance run and sprint distance)
and individual (fixed) injury risk factors (age, previous injury history) were
incorporated into the analysis. A generalized estimating equation with a binary logistic
function modelled potential risk factors with non-contact injury for selected time
periods across the annual cycle. To determine the relative injury risk ORs were
calculated. The (pre-season) pre-competition phase (19.1 injuries per 1000 h) and (inseason) rounds 12-17 (16.0 injuries per 1000 h) resulted in the highest injury
incidence. Low cumulative total distances in late pre-season (<108 km) and precompetition (76-88 km) periods were associated with significantly (p<0.05) greater
injury risk during the in-season phase. In conclusion, these results suggest players are
at the greatest injury risk during the pre-competition period, with low pre-season
cumulative workloads associated with increased in-season injury risk. Therefore,
strength and conditioning staff should place particular emphasis on achieving at least
moderate training loads during and leading into this phase, where competitive game
play is first introduced.

Key words: injury prevention, load monitoring, odds ratios, team sports
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3.1 Introduction
In elite team sports such as AF, a typical season consists of three main phases; a preseason preparation phase, pre-season competition phase and an in-season competition
phase. The planning and monitoring of workloads during these phases is important in
order to maximize athlete development and performance, whilst minimizing injury
risk. In the AFL, pre-season (late November to mid-February) movement demands
and running loads have been shown to be higher (usually three or more “on-legs” field
sessions per week) than in-season loads, as players train to improve their fitness
capacities and build a chronic load foundation for in-season injury prevention.1-5 The
introduction of the pre-season competition phase (mid-February to March) focuses on
a transition to an in-season training and competition structure, with training generally
consisting of two “on-legs” field sessions per week, plus up to four lead-up practice
games in total. During the in-season phase (April to September), fitness maintenance,
recovery and match availability takes priority, with training generally consisting of
two “on-legs” field sessions per week, plus games every 6-8 days.5 As demands differ
greatly between season phases, injury data that can identify high injury risk periods
across all stages of the season would be beneficial to coaches and sports
medicine/science staff. Such data may enable better management of individual players
predisposed to injury during specific training/competition phases.

Injury statistics have been consistently documented for the past 23 years in the AFL,
with annual reports citing injury incidence and trends associated with the evolution of
the game. Despite a slight decrease in injury incidence in 2014 (36.1 injuries per club,
per season), there has been a steady upward trend in the number of new injuries (22%
increase from 2003 to 2013) and average injury prevalence (23% increase from 2003
to 2013), prompting much research interest in potential injury risk factors.6 However,
the AFL annual reports are limited to reporting injuries that occur across the full inseason phase, and therefore offer no insight into injury incidence within the multiple
time periods that exist throughout the pre-season (i.e. early and late pre-season, precompetition) and in-season phases (i.e. round specific).

Prior to players undertaking training or game loads during the three phases of a season,
it is important to consider the fixed risk factors that may predispose the individual to
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injury. A theoretical model devised by Meeuwisse7 has classified intrinsic (internal)
or fixed risk factors as predisposing issues, which may seldom be sufficient to result
in an actual injury, but play an underlying role. Previously identified fixed factors that
place an athlete at greater injury risk include a previous injury history8 9 and/or older
age.6 10 Other factors (seen as modifiable) that predispose a player to injury include
strength and flexibility deficits or imbalances.11-14 However, to date, no studies have
identified the risk factors associated with non-contact injury within or across certain
time periods during an entire AFL season.

Additionally, there has been little research investigating pre-season training workload
and its influence on in-season injury risk and/or protection. A recent study by Windt
and colleagues15 found greater pre-season participation was associated with decreased
in-season injury risk. However, this study didn’t include objectively derived
workloads, which may provide further guidance for pre-season workload
recommendations. Furthermore, Hulin and colleagues16 suggested that building a
chronic training load foundation is protective for the athlete when exposed to high
acute competition loads in elite cricket fast bowlers. This further advocates the theory
that athletes need ‘load to withstand load’, with the acknowledgment that there are
upper thresholds that pose an increased risk for all players.15

17-19

However, the

application of this research to AF by examining total cumulative pre-season workload
and subsequent in-season injury risk is yet to be explored. Consequently, the aim of
this study was to identify the highest non-contact injury risk periods across an AFL
season, and to explore the associated fixed and pre-season risk factors within those
periods.

3.2 Methods
Experimental Approach to the Problem
Individual player injury data were recorded over four full seasons in elite AFL players
from one club. Particular emphasis was placed on the non-contact (rather than contact
and total) injuries recorded, as these are considered more preventable.20 Non-contact
injury incidence (per 1000 “on legs” field training and game hours) for all seasons
combined was compared between a number of periods across the pre-season, precompetition and in-season phases to determine higher injury risk periods. Several
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individual (fixed) injury risk factors, relevant across the whole season, were recorded
at the start of each pre-season. GPS derived cumulative load measures for various
periods of the pre-season were calculated to investigate the association between preseason workload (from both a soft tissue protection and/or overload perspective) and
in-season injury risk. All data was modelled against non-contact injury records for
each phase of the season to determine the injury risk factors associated with each
specific time period.

Subjects
Data were collected from elite Australian footballers (n=70) from one AFL club who
were contracted in the 2012 (n=46), 2013 (n=44), 2014 (n=44), and 2015 (n=45)
seasons. A total of 179 individual seasonal data points were collected across the four
seasons. The mean age, stature, and body mass of the cohort were: 22.9 ± 3.4 years,
188.1 ± 6.6 cm, and 87.0 ± 8.2 kg, respectively. On average for the squad each year,
23% of players had 1–2 years of AFL experience, 38% had 3–6 years and 39% had 7+
years. Players competed in matches within the AFL or Western Australian Football
League competition across these seasons. All players provided informed written
consent prior to participation and all data was de-identified and extracted from the
club’s database. Ethical approval was obtained from the Human Research Ethics
Committee of The University of Western Australia.

Procedures
Injury information was classified by the club’s senior physiotherapist, collated, and
then uploaded to the club’s database. Injuries were classified as being either low
severity (the player was given modified training and did not miss a game); moderate
severity (the player missed 1–2 weeks of training pre-season and/or missed 1–2 games
in-season); or high severity (the player missed >2 weeks of training pre-season and/or
missed >2 games in-season). In agreement with Orchard and colleagues,6 for the
compilation of injury data across all AFL clubs, only moderate and high severity
injuries were considered in our analysis. Injuries were categorized by injury type
(description) and body site (injury location). The mechanism by which a player
acquired an injury was classified as being non-contact (internal; overuse,
overexertion) or contact (external; collision) in nature.5 20 21 Only non-contact injuries
were considered in this analysis.
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All injury data were collected and compiled across the full 2012, 2013, 2014 and 2015
seasons. To identify the highest injury risk periods throughout an AFL season, the preseason phase was categorised into the following time periods: Early pre-season
(November and December), late pre-season (January to mid-February) and precompetition (mid-February to mid-March). The in-season phase was categorized into
rounds 1-5, 6-11, 12-17 and 18-23 plus finals (only in seasons 2012 and 2015). Using
the four combined seasons of data, injury incidence was calculated for each of the time
periods defined above. Incidence was calculated as the sum of all non-contact injuries
per 1000 hours of “on-legs” exposure (main training sessions, games and any other
running conditioning).
To provide an insight into the teams “on-legs” field training and game exposure during
each time period (combined seasons), the teams average main training (largest field
session of the week) and game load was calculated for total distance covered and sprint
distance (Table 3.1) using previously validated GPS derived data,22 as described
below:
•

Distance = total distance covered (m): this includes walking, jogging, fast
running and sprinting.

•

Sprint Distance = total distance covered (m) above 75% of the individual
player’s maximum speed, as determined from GPS game data.

Waldron and colleagues23 reported a low coefficient of variation (0.78%) between
GPS units and timing gates when deriving maximum speed, validating the use of GPS
game data in the calculation of individual sprint distance thresholds. These GPS units
(SPI Pro X; GPSports, Canberra, Australia) sample at an interpolated rate of 15 Hz
(true sampling at 5 Hz).

Individual fixed injury risk factors were compiled and recorded at the start of each
season in a template for analysis. These included age, classified using z-scores16 and
previous injury history (whether a player had sustained a moderate/high severity injury
in the previous season). Other individual factors including height and mass were
included in the analysis. Individual pre-season cumulative loads (from GPS data) were
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calculated at the conclusion of each pre-season, and were assessed as a potential risk
factor for late pre-season and in-season injury risk. Pre-season workload
classifications consisting of low through to high were created according to z-scores.16
Individual pre-season workloads were referenced to the mean (moderate range) and
classified as follows; very low (≤-1.00), low (-0.99 to -0.50), moderate (-0.49 to 0.49),
high (0.50 to 0.99), and very high (≥1.00).

Whether a player sustained a moderate or high severity non-contact injury (yes/no) for
each of the time periods across the pre-season and in-season phases was recorded to
determine the significant injury risk factors associated with that particular time period.

Statistical Analysis
Injury incidence was calculated by dividing the total number of moderate and high
severity non-contact injuries by the “on-legs” exposure time, which was then reported
as injury rate per 1,000 training and game hours (h). Injury data were analysed per
1,000 (combined) training and game hours, and Chi square (χ2) analyses compared the
frequency of injuries between all time periods across both the pre-season and inseason.

A mixed model generalized estimating equation (GEE) was used to investigate the key
individual non-contact risk factors for each of the seasonal time periods to determine
the best set of predictors for the respective period. This type of analysis accommodates
for repeated measures across multiple seasons when identifying the best combination
of fixed and pre-season risk factors. For injury risk (yes/no in any given phase or time
period), a binary logistic regression (within the GEE model) was used with a logit link
function. This output, in the form of ORs, provides an indication of the expected
magnitude (meaningfulness) of the effects. An OR value >1.0 generally indicates
greater risk, whilst a value <1.0 indicates lesser risk. For the univariate analysis, a
significance level of p<0.05 was accepted. For the multivariate analysis, all univariate
variables with a significance of p<0.20 were included25 and a significance of p<0.05
was accepted. Since the cause of non-contact injuries are multifactorial in nature,19
identifying the best combination of injury risk factors (through a multivariate analysis)
was considered to be most relevant and applicable. Any player (n=5 of 179; 2.8%) that
suffered a season ending injury during the pre-season was excluded from the in-season
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analysis to ensure data was not misrepresented for in-season injury risk. Data were
analysed using IBM SPSS Statistics 22.0, and are reported as means and 95%
confidence intervals (CI).

3.3 Results
Team Training and Game Loads
Average main training session distance was greatest in pre-season during the late preseason time period (11,751 m, 95% CI=11,300-12,202), and greatest in-season during
rounds 12-17 (7,120 m, 95% CI=6,968-7,272). Average main training session loads
(distance, sprint distance) in pre-season (8,690 m, 95% CI=8,489-8,892; 126 m, 95%
CI=117-135, respectively) were significantly (p<0.001) greater than in-season (6,340
m, 95% CI=6,189-6,491; 79 m, 95% CI=72-87, respectively). Average game loads
(distance, sprint distance) pre-competition (9,502 m, 95% CI=9,177-9,833; 184 m,
95% CI=173-195, respectively) were significantly (p<0.001) lower than in-season
games (13,439 m, 95% CI=13,193-13,684; 245 m, 95% CI=232-259, respectively)
(Table 3.1).

Injury Incidence
Pre-season non-contact injury incidence (11.6 per 1000 h) was marginally higher
than in-season (10.5 per 1000 h) across the four combined seasons (see Table 3.6,
Appendix A). During pre-season, the pre-competition time period had the highest
injury incidence (19.1 per 1000 h), which was significantly greater (χ2=6.08, p=0.01)
than late pre-season (9.8 per 1000 h) (Table 3.2). During in-season, rounds 12-17
had the highest non-contact injury incidence (16.0 per 1000 h) followed by rounds 15 (14.4 per 1000 h) (Table 3.3), but neither was significantly different from other
periods. Muscle strain incidence across all time periods was highest pre-competition
(9.6 per 1000 h) (Table 3.2). Bone stress injury incidence was highest early preseason (3.2 per 1000 h) and during rounds 18-end of season (2.8 per 1000 h) (Table
3.2 and 3.3). The most common injury site was the thigh (4.4 per 1000 h, 38.2%),
and muscle strains (6.7 per 1000 h, 57.9%) were the most common injury type across
the combined seasons (see Table 3.6, Appendix A).
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Fixed and Pre-Season Injury Risk Factors
Note: See Tables 3.7 and 3.8 (Appendix A) for all univariate logistic regression results.

Multivariate Results
Across the full pre-season phase, slightly younger players (20-21 y) (OR=0.3, 95%
CI=0.1-0.9, p=0.05) had a lower injury risk compared to the squad average (22-24 y).

Across the full in-season phase, a very low (<108 km) (OR=5.6, 95% CI=1.4-22.8,
p=0.02) late pre-season distance placed players at greater injury risk compared to
moderate (125 - 164 km) loads (Table 3.5). Similarly, low (76-88 km) (OR=6.0, 95%
CI=1.6-23.3, p=0.01) pre-competition distances increased injury risk compared to
moderate (89-112 km) loads. In-season, across rounds 1-5, low (76-88 km) (OR=4.6,
95% CI=1.2-17.4, p=0.03) pre-competition distances (compared to moderate: 89-112
km) placed players at greater injury risk. Additionally, a very high distance covered
(>170 km) (OR=3.2, 95% CI=1.3-8.5, p=0.02) early pre-season (as compared to
moderate: 95-143 km) was associated with greater in-season injury risk. All other
significant univariate variables (including sprint distance) within designated time
periods were eliminated when considered in the multivariate analysis.
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Table 3.1 Mean (95% confidence intervals) training and game load data for different time periods across a season.
Total Distance (m)
Time Period
Early Pre-Season

Sprint Distance (m)

Main training
10116 (9760-10472)

Game
N/A

Main training
208 (179-237)

Game
N/A

11751 (11300-12202)

N/A

159 (146-172)

N/A

Pre-Competition

^8690 (8489-8892)

9502 (9177-9833)

^126 (117-135)

184 (173-195)

Rounds 1-5

^7202 (7067-7337)

13182 (12922-13442)

^100 (93-107)

Rounds 6-11

6930 (6797-7063)

13250 (13019-13483)

^80 (73-86)

253 (239-267)

Rounds 12-17

7120 (6968-7272)

13301 (13046-13557)

85 (78-93)

251 (238-265)

Rounds 18-EOS

^6340 (6188-6491)

13439 (13193-13684)

79 (72-87)

Pre-Season

8690 (8489-8892)

9505 (9177-9834)

126 (117-135)

In-Season

^6340 (6189-6491)

Late Pre-Season

#

#

#13439

EOS = end of season.
^Significantly (p<0.05) lower load than previous time period.
#Significantly (p<0.05) greater load than previous time period.

(13193-13684)

^79 (72-87)

#

246 (232-259)

#280

(266-295)

184 (173-195)
#245

(232-259)
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Table 3.2 Classification of moderate and high intrinsic injuries across the pre-season phase.*
Early Pre-Season (1566 h)

Late Pre-Season (2047 h)

Pre-Competition (1568 h)

N

Injury Incidence

%

N

Injury Incidence

%

N

Injury Incidence

%

26

16.6 (10.2-23.0)

100.0%

20

9.8 (5.5-14.1)

100.0%

30

^19.1 (12.3-26.0)

100.0%

7
5
5
1
4
4

4.5 (1.2-7.8)
3.2 (0.4-6.0)
3.2 (0.4-6.0)
0.6 (-0.6-1.9)
2.6 (0.1-5.1)
2.6 (0.1-5.1)

26.9%
19.2%
19.2%
3.8%
15.4%
15.4%

7
4
0
2
2
5

3.4 (0.9-6.0)
2.0 (0.0-3.9)
0 (0.0-0.0)
1.0 (-0.4-2.3)
1.0 (-0.4-2.3)
2.4 (0.3-4.6)

35.0%
20.0%
0.0%
10.0%
10.0%
25.0%

15
2
4
4
3
2

^9.6 (4.7-14.4)
1.3 (-0.5-3.0)
2.6 (0.1-5.1)
2.6 (0.1-5.1)
1.9 (-0.3-4.1)
1.3 (-0.5-3.0)

50.0%
6.7%
13.3%
13.3%
10.0%
6.7%

11
2
2

7.0 (2.9-11.2)
1.3 (-0.5-3.0)
1.3 (-0.5-3.0)

42.3%
7.7%
7.7%

13
0
2

6.4 (2.9-9.8)
0 (0.0-0.0)
1.3 (-0.4-2.3)

65.0%
0.0%
10.0%

20
2
2

^12.8 (4.7-18.3)
1.3 (-0.5-3.0)
1.3 (-0.5-3.0)

66.7%
6.7%
6.7%

4
5
2

2.6 (0.1-5.1)
3.2 (0.4-6.0)
1.3 (-0.5-3.0)

15.4%
19.2%
7.7%

1
3
1

0.6 (-0.5-1.4)
1.5 (-0.2-3.1)
0.5 (-0.5-1.4)

5.0%
15.0%
5.0%

2
1
3

1.3 (-0.5-3.0)
0.6 (-0.6-1.9)
1.9 (0.3-4.1)

6.7%
3.3%
10.0%

24
6

15.3 (9.2-21.4)
3.8 (0.8-6.9)

80.0%
20.0%

Site
Thigh
Hip/Groin
Knee
Pelvis/Low Back
Ankle/Foot
Lower Leg
Injury Type
Muscle strain/tear/rupture
Ligament injury/sprain
Tendon injury/rupture
Lesion of meniscus, cartilage or
disc
Bone Injury
Other

Severity
Moderate
13
8.3 (3.8-12.8)
50.0%
14
6.8 (3.3-10.4)
70.0%
High
13
^8.3 (3.8-12.8)
50.0%
6
2.9 (0.6-5.3)
30.0%
*Mean injury incidence reported per 1,000 on-legs field training and game hours (95% confidence intervals).
^Significantly greater (p<0.05) injury incidence than next or previous phase.
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Table 3.3 Classification of moderate and high intrinsic injuries across the in-season phase.*

Site
Thigh
Hip/Groin
Knee
Pelvis/Low Back
Ankle/Foot
Lower Leg
Injury Type
Muscle strain/tear/rupture
Ligament injury/sprain
Tendon injury/rupture
Lesion of meniscus, cartilage or
disc
Bone Injury
Other

N

Round 1 - 5 (1805 h)
Injury
Incidence
%

Round 6 - 11 (2013 h)
Injury
N
Incidence
%

Round 12 - 17 (2004 h)
Injury
N
Incidence
%

N

Injury Incidence

%

25

14.4 (8.9-19.9)

100.0%

23

11.4 (6.8-16.1)

100.0%

32

16.0 (10.4-21.5)

100.0%

24

11.2 (6.7-15.7)

100.0%

10

5.5 (2.1-9.0)

40.0%

10

5.0 (1.9-8.0)

43.5%

11

5.5 (2.2-8.7)

34.4%

13

6.1 (2.8-9.4)

54.2%

4
2
2
3
4

2.2 (0.0-4.4)
1.1 (-0.4-2.6)
1.1 (-0.4-2.6)
1.7 (-0.2-3.5)
2.2 (0.0-4.0)

16.0%
8.0%
8.0%
12.0%
16.0%

5
2
0
2
4

2.5 (0.3-4.7)
1.0 (-0.4-2.4)
0 (0.0-0.0)
1.0 (-0.4-2.4)
2.0 (0.0-3.9)

21.7%
8.7%
0.0%
8.7%
17.4%

4
4
2
7
4

2.0 (0.0-4.0)
2.0 (0.0-4.0)
1.0 (-0.4-2.4)
3.5 (0.9-6.1)
2.0 (0.0-4.0)

12.5%
12.5%
6.3%
21.9%
12.5%

0
0
2
5
4

0 (0.0-0.0)
0 (0.0-0.0)
0.9 (-0.4-2.2)
2.3 (0.3-4.4)
1.9 (0.0-3.7)

0.0%
0.0%
8.3%
20.8%
16.7%

17
2
0

9.4 (4.9-13.9)
1.3 (-0.4-2.6)
0 (0.0-0.0)

68.0%
8.0%
0.0%

14
1
1

7.0 (3.3-10.6)
0.5 (-0.5-1.5)
0.5 (-0.5-1.5)

60.9%
4.3%
4.3%

18
5
3

9.0 (4.8-13.1)
2.5 (0.3-4.7)
1.5 (-0.2-3.2)

56.3%
15.6%
9.4%

16
0
1

7.5 (3.8-11.2)
0 (0.0-0.0)
0.5 (-0.4-1.4)

66.7%
0.0%
4.2%

3
2
1

1.9 (-0.2-3.5)
1.1 (-0.4-2.6)
0.6 (0.1-1.1)

12.0%
8.0%
4.0%

3
2
2

1.5 (-0.2-3.2)
1.0 (-0.4-2.4)
1.0 (-0.4-2.4)

13.0%
8.7%
8.7%

3
3
0

1.5 (-0.2-3.2)
1.5 (-0.2-3.2)
0 (0.0-0.0)

9.4%
9.4%
0.0%

0
6
1

0 (0.0)
2.8 (0.6-5.1)
0.5 (-0.4-1.4)

0.0%
25.0%
4.2%

18
14

9.0 (4.8-13.1)
7.0 (3.3-10.6)

56.3%
43.8%

19
5

8.9 (4.9-12.9)
2.3 (0.3-4.4)

79.2%
20.8%

Severity
Moderate
16
8.9 (4.5-13.2)
64.0%
17 8.4 (4.4-12.5) 73.9%
High
9
5.0 (1.7-8.2)
36.0%
6
3.0 (0.6-5.4)
26.1%
*Mean injury incidence reported per 1,000 on-legs field training and game hours (95% confidence intervals).
^Significantly greater (p<0.05) injury incidence than next phase.
EOS = End of season

Round 18 - EOS (2135 h)
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Table 3.4 Multivariate injury risk regression for the full pre-season phase.
N % Injured
OR (95% CI) p-value
Pre-Season
Age
< 20 y
35
31.4
0.9 (0.4-2.3)
0.80
20-21 y
30
16.7
0.4 (0.1-1.0)
0.05*
22-24 y (reference)
60
35.0
1.0
25-26 y
28
39.3
1.3 (0.6-2.9)
0.57
27+ y
26
42.3
1.5 (0.6-4.2)
0.42
OR = odds ratio; CI = confidence interval; y = years
*p ≤ 0.05. Only significant variables presented. No significant results for early pre-season, late
pre-season, and pre-competition phases.

Table 3.5. Multivariate injury risk regression for each in-season phase.
N % Injured OR (95% CI)
In-Season
Early Pre-Season Distance
Very Low
< 70 km
25
68.0
1.2 (0.4-3.8)
Low
70 - 94
21
52.4
1.3 (0.5-3.5)
Moderate (reference)
95 - 143
68
44.1
1.0
High
144 - 170
34
29.4
0.6 (0.2-1.6)
Very High
> 170 km 26
61.5
3.2 (1.3-8.5)

p-value

0.73
0.64
0.28
0.02*

Late Pre-Season Distance
Very Low
Low
Moderate (reference)
High
Very High

< 108 km
108 - 124
125 - 164
165 - 184
> 184 km

17
14
88
37
18

82.4
57.1
45.5
45.9
27.8

5.6 (1.4-22.8)
1.3 (0.4-5.2)
1.0
1.0 (0.4-2.2)
0.3 (0.1-1.0)

0.02*
0.55
0.93
0.06

Pre-Competition Distance
Very Low
Low
Moderate (reference)
High
Very High

< 76 km
76 - 88
89 - 112
113 - 125
> 125 km

13
19
94
21
27

38.5
78.9
44.7
42.9
48.1

0.6 (0.2-2.1)
6.0 (1.6-23.3)
1.0
0.8 (0.3-2.1)
1.0 (0.4-3.0)

0.40
0.01*
0.64
0.94

Rounds 1-5
Pre-Competition Distance
Very Low
< 76 km
13
0.0
0.0
0.00
Low
76 - 88
19
31.6
4.6 (1.2-17.4)
0.03*
Moderate (reference)
89 - 112
94
9.6
1.0
High
113 - 125
21
9.5
1.0 (0.2-4.7)
0.96
Very High
> 125 km 27
22.2
2.6 (0.8-8.1)
0.09
OR = odds ratio; CI = confidence interval; y = years; km = kilometres.
*p≤ 0.05. Only significant variables presented. No significant variables for Rounds 6-11,
12-17 and 18-EOS in multivariate analysis.
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3.4 Discussion
To our knowledge, this is the first study to identify the pre-competition phase as the
highest injury risk period across an AFL season. Additionally, low cumulative
workloads (total distance run) during the pre-season were identified as a significant
in-season injury risk factor.
The pre-competition phase corresponds to the player’s first exposure to competition
game loading, as they participate in pre-season practice games, which is likely to be
an underlying factor in explaining the heightened injury risk. Previous research2 5 has
shown that players experience higher workloads and intensities in games compared to
training. As such, the acute increase in game workload at the start of the precompetition phase, that occurs when players are exposed to full game-like loading,
may explain the higher injury incidence seen during this period, as spikes in acute
workload are often associated with increased injury risk.5 16 17 26 It was also identified
that the incidence of muscle strains, often seen as a more preventable type of injury,20
were highest during this phase (compared to any other phase across the season),
highlighting a need for careful management at this time.
It is widely accepted that the cause of non-contact injuries are multifactorial in nature,7
therefore identifying the best combination of injury risk factors (through a multivariate
analysis) is most relevant and applicable. Although the highest injury incidence (per
1000 hours) occurred during the pre-competition phase, there were no significant
multivariate risk factors for this specific time period, potentially due to a lower injury
count (compared to the full pre-season phase) and therefore, lower statistical power.
Interestingly, players that were slightly younger (20-21 y) were at only 0.3 times the
risk of pre-season injury compared to the squad average (22-24 y).

At the commencement of the in-season period, total training load significantly
decreases (as a result of increased game loads) when compared to the pre-season, with
a shift in focus to recovery, match availability and fitness maintenance. Here, the
highest injury risk period identified in-season was during rounds 12-17. Within the
AFL fixture structure, a bye-week is generally allocated to the week preceding or
during this in-season period. Possibly, players may be ‘de-loaded’, and/or exposed to
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different training loads (compared to that of competitive AFL games) during this byeweek. Subsequently, this may disrupt their chronic training load pattern and lead to
potentially harmful spikes in workload,5 16

17

particularly with the re-introduction of

AFL games post-bye. As such, future research should look to identify training load
patterns relative to pre- and post-bye weeks (from a chronic load perspective), to
determine if this plays a role in injury risk during this period.

A novel finding in our study was the significance of pre-season workload in relation
to in-season injury risk. To provide practical thresholds, individual workloads were
compared to the average (moderate) workload of the squad to determine injury risk
when a player deviates from ‘normal’. For distance accumulated during the late preseason, players that completed a very low (<107 km) load were at ~5 times greater inseason injury risk. Furthermore, players that accumulated a low (76-88 km) distance
during the pre-competition phase were at ~6-times greater in-season injury risk. For
distance accumulated across the early pre-season, a very high load (>170 km) placed
players at ~3 times greater risk of injury in-season. However, this finding requires
further research, as workload prior to this phase (off-season) cannot be derived due to
regulations on load monitoring during a player’s off-season (enforced by the AFL
Players Association), plus the large time gap between early pre-season and in-season
phases. It is likely that the workload completed in the initial stages of pre-season (early
pre-season) have a flow-on effect for training loads the player can tolerate (from both
an under- and over-load perspective) in subsequent phases. From the data presented
here, it is likely that during late pre-season, where preparation for pre-competition
games is crucial, players should look to achieve at least a moderate load (125+ km) to
ensure adequate loading and protection from in-season injury. Similarly, during the
pre-competition phase players should continue to build their training and game load
for the in-season period, ensuring they complete at least a moderate load (89-125 km)
to ensure a greater level of in-season injury protection. As per previous research,16
players that can maintain a moderate load across the season may be at lower risk of
injury than those with both lower and higher loads, and may be more resistant to acute
spikes in workload and subsequent injury risk. These results provide further support
for the theory that athletes need to ‘load to withstand load’, with the acknowledgment
that there is likely an upper threshold that will pose an increased risk for all players.1719

Alternatively, as suggested by Windt and colleagues,15 it may be that players who
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do not succumb to injury pre-season are more robust and therefore less likely to get
injured in-season.

A second novel aspect of this study was the investigation of injury risk factors within
certain time periods to determine if risk factors were dependent on the phase of the
annual cycle. For injuries sustained in rounds 1-5, a low (76-88 km) workload
accumulated in the preceding pre-competition phase placed players at ~3 times greater
risk of injury, whilst there was a trend for greater injury risk when a very high load
was completed. It should be noted that 70% (9/13) of the players that completed a
very-low pre-competition distance were not exposed to the full 5 games during this
initial in-season period (as they continued to build a chronic load base), which may at
least partially explain the absence of injury cases in this lower load category. In line
with previous research2 16 27 highlighting the fine balance between under-loading and
over-loading, these results suggest players should aim for moderate to moderate-high
loads during the pre-competition phase to help achieve soft-tissue injury protection
and lower injury risk at the commencement of the in-season. Interestingly, the
cumulative sprint distance volume players completed pre-season was not a significant
predictor of injury in any seasonal phase. However, how the sprint volume is attained
(i.e. gradually or through acute spikes) across the pre-season may prove to be a greater
predictor of injury and warrants further research.17
In the recent 2013 AFL injury report,6 an increased incidence of leg and foot stress
fractures were reported (1.7 new injuries per club per season) compared to previous
seasons (2011-2013 average: 1.4 new injuries per club per season), with these types
of injuries second only to hamstring strains for highest injury prevalence (missed
games per club per season). Of particular concern in the cohort of players assessed
here was the high bone stress injury incidence in rounds 18-end of season and early
pre-season, with these time periods accounting for 50% (11 of 22) of bone stress
injuries across the 4 seasons. Possibly, during the latter part of the season (round 18+),
less durable players may experience a cumulative load that is beyond the bone tissue
threshold, thereby causing a bone stress injury.28 Additionally, a significant increase
in average game sprint distance from rounds 12-17 to 18+ was observed, which may
be linked to the increased bone stress injury incidence, however further research is
required. Similarly, at the start of the pre-season, if acute loads are increased too
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quickly, players may also be at a higher risk of suffering a bone stress injury,18 which
may occur with the re-introduction of training (following the off-season phase) during
early pre-season. Therefore, both player compliance and appropriate off-season
training plan prescriptions are crucial to ensure the increase in training load is not
excessive when returning to pre-season training. Furthermore, less durable players
with high cumulative loads across the season should be carefully managed in the latter
stages of the season.

One limitation of this study is that the individual week-to-week player workload
completed throughout each time period and phase was not considered in the analysis.
Furthermore, due to AFL Players Association rules and regulations, the workload
completed during the off-season and Christmas break was unable to be derived,
disrupting the quantification of a player’s chronic load progression during crucial
return to training scenarios. Although this study provides insight into fixed and
modifiable risk factors that may predispose an athlete to injury, it is widely
acknowledged that the cause of injury is multifactorial,7 and therefore the inclusion of
individual player workloads on a week-to-week basis may provide further insight in
future research. Furthermore, whether a player sustained more than one moderate or
high severity injury within a phase was not considered, as it was only investigated if
a player was likely to remain injury-free within each respective phase. Future research
should perform a more in-depth analysis of the severity of the injury by investigating
the number of matches or weeks missed during the respective phase. Lastly, it is
acknowledged that applying these objective findings to other AFL teams and team
sports with different players and training programs should be carefully considered, as
the identified risk factors are specific to this playing squad and sport.

In conclusion, this study has identified the highest injury risk periods (pre-competition
phase and rounds 12-17 in-season) across an AFL season for this cohort of players.
Additionally, our data confirms that special consideration in regards to in-season
injury risk should be given to those with a low cumulative pre-season distance.
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3.5 Practical Implications
In AF, strength and conditioning staff should place particular emphasis on preparing
(through careful workload management) for the pre-competition time period where
games are first introduced, as injury incidence is likely to be highest during this phase.
Furthermore, the overall workload volume completed throughout pre-season should
be acknowledged as a risk factor for in-season injury, with players needing to complete
an adequate volume of training pre-season to ensure they have a chronic training load
foundation for in-season injury risk protection. Total sprint distance volume
completed pre-season provided little predictive value; however how the sprint volume
(gradually or acute spikes) is attained may prove more meaningful. It is important
strength and conditioning staff consider pre-season workload volumes when
determining a player’s injury risk status leading into the competitive season.
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4.0 Abstract
Objectives: To assess the association between workload, subjective wellness,
musculoskeletal screening measures and non-contact injury risk in elite Australian
footballers.
Design: Prospective cohort study.
Methods: Across 4 seasons in 70 players from one club, cumulative weekly
workloads (acute; 1 week, chronic; 2-, 3-, 4-week) and acute:chronic workload ratio’s
(ACWR: 1-week load/average 4-weekly load) for session-Rating of Perceived
Exertion (sRPE) and GPS-derived distance and sprint distance were calculated.
Wellness (fatigue, sleep quality, muscle soreness, stress levels, mood and perceived
performance), screening (sit and reach, adductor squeeze, dorsiflexion lunge) and noncontact injury data were also documented. Univariate and multivariate regression
models determined injury incidence rate ratios (IRR) while accounting for
interaction/moderating effects. Receiver operating characteristics determined model
predictive accuracy (area under curve: AUC).
Results: Very low cumulative chronic (2-,3-,4- week) workloads were associated with
the greatest injury risk (univariate IRR=1.71-2.16, 95% CI=1.10-4.52) in the
subsequent week. In multivariate analysis, the interaction between a low chronic load
and a very high distance (adj-IRR =2.60, 95% CI=1.07-6.34) or low sRPE ACWR
(adj-IRR=2.52, 95% CI=1.01-6.29) was associated with increased injury risk.
Subjectively reporting “yes” (vs. “no”) for old lower limb pain and heavy nonfootball activity in the previous 7 days (multivariate adj-IRR=2.01-2.25, 95%
CI=1.02-4.95) and playing experience (> 9 years) (multivariate adj-IRR=2.05, 95%
CI=1.03-4.06) was also associated with increased injury risk, but screening data were
not. Predictive capacity of multivariate models was significantly better than univariate
(AUCmultivariate=0.70, 95% CI=0.64-0.75; AUCunivariate range=0.51-0.60).
Conclusions: Chronic load is an important moderating factor in the workload-injury
relationship. Low chronic loads coupled with low or very high ACWR are associated
with increased injury risk.

Keywords: injury prevention, team sports, load monitoring, acute:chronic workload
ratio
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4.1 Introduction
Sports medicine/science staff must regularly evaluate player injury risk to assess
readiness to train and optimise player game availability, as lower injury rates are
associated with enhanced team performance.1 In elite AF, a typical in-season weekly
cycle involves a competitive game, then recovery, training and subsequent matches.
Determining player injury risk at commencement of this cycle, by assessing several
sport specific risk factors, is critical for weekly planning and (potentially) lower injury
incidence. Recently, a revised model of injury aetiology highlighted the inclusion of
workload,2 to complement both non-modifiable characteristics (e.g., age/playing
experience)3 and modifiable characteristics (e.g., strength/flexibility deficits),4 5 when
identifying multifactorial injury causes.2
A recent review6 of workload and injury risk highlighted several independent injury
risk factors, including both low7 8 and high9 10 chronic (multiple weeks) cumulative
workloads; high ACWRs;7

11

low chronic workloads in combination with high

ACWR;11 and large (>1250 AU) week-to-week load changes.9 However, most team
sports research has only modelled load independently, not accounting for interaction
or moderating effects,12 which may represent a more holistic method for explaining
the dynamic and multifactorial nature of injury.

Additional to load monitoring, weekly perceived wellness responses are commonly
collected, with irregularities in player profiles warning of potential over-reaching.13
Regular musculoskeletal screening also occurs to determine any significant deviations
from baseline scores, to assess the progress of injury rehabilitation programs and
establish future return-to-play status for healthy players.14 While the authors agree
with recent commentary which has questioned the efficacy of screening tests, this
debate is currently limited to periodic physical examinations (PPEs) which form a
component of a primary prevention program14 and ignore the temporal relationship
between screening and the date of injury. In the scenario where a player is routinely
assessed and compared to deviations (to their norm) the temporal sequence is
accounted for in a time-series manner and may offer a solution, particularly when
combined with exposure (workload) data. This approach is synonymous to secondary
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prevention programs which are aimed at detecting subclinical signs and symptoms
such that early management can be implemented.

To date, no study has used these combined measures to assess the level of player injury
risk in the AF weekly cycle. Therefore, this study aimed to (a) identify the independent
injury risk factors collected weekly (subjective wellness, musculoskeletal screening,
workload) that predispose an athlete to injury in the subsequent 7 days,15 and (b)
establish a multivariate model combining the best injury risk predictors to aid
individualised workload management.

4.2 Methods
Player data (n=70: 49 players were listed in multiple seasons) from one AFL club
across four consecutive seasons was used. In total, 3507 individual in-season weekly
data points were collected. Mean (± Standard Deviation: SD) player age, stature and
body mass were: 22.9 ± 3.4 y, 188.1 ± 6.6 cm and 87.0 ± 8.2 kg, respectively. For
AFL system experience, 23% of players had 1-2 y, 38% had 3-6 y and 39% had 7+ y,
respectively. Players either competed in AFL or Western Australian Football League
matches across these seasons. All players provided written consent prior to
participation. Data was de-identified and extracted from the club’s database. Human
ethics approval was obtained from the host institution review board (RA/4/1/5015).
Injury information was classified and collated by the club’s senior physiotherapist.
Here, injury was defined as any lower body non-contact (intrinsic) injury resulting in
matches missed,16 since such injuries have been related to training load.17 Non-contact
(extrinsic) injuries were not considered.

Training and match workload was defined using both previously validated objective
GPS18 and subjective RPE19 measures. Multiple external loads were quantified using
GPS units (SPI Pro X; GPSports, Canberra, Australia), sampled at an interpolated rate
of 15 Hz (true sampling at 5 Hz) and downloaded into a Team AMS analysis program.
Distance was defined as total distance covered (m), including walking, running and
sprinting. ‘Sprint distance’ was defined as distance covered (m) above 75% of
individual player maximum speed (determined from GPS game data). These
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commonly used GPS metrics10 17 were chosen to represent aspects of total and high
intensity running volumes within AF demands; other metrics (i.e. additional velocity
thresholds, acceleration, deceleration) were not considered due to varying definitions
and validation concerns.20
The “internal” workload was quantified using the “on-legs sRPE” method, where load
(arbitrary units) is the product of the 10-point modified-Borg scale sRPE9 19 and total
session duration (min). The “on-legs” sessions were defined as any on-field running
session where players wore a GPS unit (weights and cross-training data was not
available).

Workload data were retrospectively categorised into weekly blocks (Tuesday to
following Monday) throughout each season. This structure was chosen as injury risk
assessment and subsequent load management would occur following the Monday of
each week (club training day without any field training or running). In addition to the
weekly acute load (sum of last 7 day period), other load measures were derived using
previous studies: a) chronic two, three and four accumulated weekly loads were
calculated by summing the previous week’s training and game loads;9 10 b) week-toweek load change (absolute change in current load from previous week);9 c) ACWR:
a player’s acute (one week) workload divided by their chronic (four week rolling
average) workload.1 Workload category ratings of “very-low” through to “very-high”
were created using quintiles, and risk reported in reference to the “moderate load”
rating.

Subjective wellness was collected via a customized questionnaire on Mondays; it was
brief, specific and based on common components in shortened psychological tools in
the literature assessing training imbalances.21 The items included fatigue, sleep
quality, muscle soreness, stress levels, mood and perceived performance on a fivepoint Likert scale, ranging from 1 (as bad as possible) to 5 (as good as possible).
Significant wellness declines were calculated as a 1 SD decrease compared to an
individual’s rolling season-to-date average and SD.13 Further, simple yes/no reporting
of questions relating to the past 7 days were considered, including; ‘Have you
experienced old lower limb pain? (i.e., recurring pain from a previous lower limb
injury in the past 12 months); ‘Have you completed heavy non-football activities? (i.e.,
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moved house, gardening, painting etc.); and ‘Do you have any lower back pain that is
new or worse than last week?’

On Mondays, players also performed several common and validated musculoskeletal
screenings,22 23 including sit and reach (lower back/hamstring flexibility), adductor
squeeze (adductor strength) and dorsiflexion lunge left to right differential (ankle
stiffness). Although Bahr14 recently cautioned against using musculoskeletal
screening data for injury prediction, our study focused objectively on a significant
change (1 SD decrease) in the individual’s current screening results compared to their
rolling season average (as per wellness data). Full descriptions of the test procedures,
inter-rater and test-retest reliability statistics are presented in supplementary material
(Table 4.3).

A mixed model GEE analyzed the relationship between weekly data and injury in the
subsequent week, as these analyses can handle panel data (repeated individual
measures). This modeling design is supported by cohort studies7 11 17 and Level 1
evidence15 showing an association between workload and injury in the subsequent
week. For injury risk (injury/no injury in subsequent week), a Poisson log-link
regression with robust error estimate, and exchangeable working correlation structure
(within the GEE model) was used,24 with IRR calculated. Independent (univariate)
GEE regression models for each predictor variable were determined, not accounting
for other moderating covariates.12 Expanding on previous research11 investigating
subsets of data in workload-injury relationships, an interaction effect between chronic
workload and the ACWR was entered into a multivariate model. The 4-week chronic
loads were chosen as the best cumulative load predictor (as demonstrated by the
highest AUC) for inclusion in multivariate models. To simplify models, 4-week
chronic load data was dichotomized by the median score,11 to determine a below (low)
and above (high) average 4-week chronic workload. A high chronic load and moderate
ACWR was defined as the reference group. A final multivariate model then included
significant non-workload related predictors from univariate models. The adj-IRR in
the multivariate model represent the risk whilst accounting for moderating12 effects of
other variables.
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All models were assessed for model fit using in and out of data methods. In-data model
detection capacity was assessed by Receiver Operator Characteristics (ROC) curves
and compared using the “jack-knife method”,25 with Sidak correction to account for
multiple comparisons. To evaluate univariate and multivariate model ability to fit outof-sample data, k-fold cross-validation with 10-folds was utilised.26 For comparison,
root mean squared error (RMSE) is reported where lower values and less variability
between k-folds indicate a better fit. All data analysis was performed in Stata 12 (Stata
12 IC, StataCorp, USA). Significance occurred when an IRR 95% CI did not cross
1.00. Injured players’ data for the weeks following injury were excluded until they
returned to main (full) training. Extended statistical methods may be found in
supplementary material (Appendix B).

4.3 Results
A total of 97 non-contact (intrinsic) lower body injuries were sustained across the four
in-season phases (9.8 per 1000 hours) and were subsequently included in the analysis.
Descriptive statistics for workload (Table 4.4) and wellness scores (Table 4.5) over
the four seasons are presented in Appendix B.

Table 4.1 presents significant univariate models. A clear association was evident
between very low 2-4 week cumulative chronic loads (distance, on-Legs sRPE) and
increased injury risk (IRR=1.54-2.32, 95% CI=1.10-4.52), compared to moderate
loads. A U-shaped relationship was evident with sprint ACWR, indicating increased
injury risk for both very low (IRR=1.83, 95% CI=1.01-3.32) and very high (IRR=1.90,
95% CI=1.01-3.58) ranges. Player’s reporting “yes” for heavy non-football activity
and old lower limb pain were both associated with increased injury risk (IRR=2.272.31; 95% CI=1.11-4.80). Players with >9 years of playing experience were at twice
the injury risk (IRR= 2.06, 95% CI=1.04-4.22) compared to 1-2 year players. No
significant relationship between wellness scores and non-contact injury in the
subsequent 7 days was observed. Injury probabilities derived from univariate models
displayed poor predictive accuracy (AUC=0.52-0.60).
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Table 4.1 Univariate Models: Injury likelihood in subsequent week
Unit

% INJ

IRR (95% CI)

AUC

RMSE (mean  SD)

2-week Distance
Very Low
Low
Moderate (reference)
High
Very High

< 34927 m
34927 - 39666 m
39666 - 43179 m
43179 - 47220 m
> 47720 m

4.2
2.4
2.7
2.8
1.5

1.54 (0.83-2.84)
0.88 (0.46-1.69)
1.00
1.06 (0.58-1.94)
0.59 (0.29-1.22)

0.59

0.16  0.03

3-week Distance
Very Low
Low
Moderate (reference)
High
Very High

< 52947 m
52947 - 59077 m
59077 - 64053 m
64053 - 69042 m
> 69042 m

4.6
2.8
2.1
2.2
1.7

2.15 (1.15-4.01)
1.31 (0.75-2.29)
1.00
1.06 (0.50-2.26)
0.80 (0.37-1.72)

0.60

0.16  0.02

4-week Distance
Very Low
Low
Moderate (reference)
High
Very High

< 71059 m
71059 - 78627 m
78627 - 84879 m
84879 - 91013 m
> 91013 m

4.6
3.1
1.9
1.9
1.8

2.32 (1.19-4.52)
1.56 (0.81-3.03)
1.00
1.00 (0.46-2.21)
0.94 (0.42-2.11)

0.60

0.16  0.02

Distance ACWR
Very Low
Low
Moderate (reference)
High
Very High

< 0.88
0.88 - 0. 99
0.99 - 1.08
1.08 - 1.21
> 1.21

2.8
1.4
2.4
3.2
3.6

1.17 (0.63-2.19)
0.60 (0.28-1.32)
1.00
1.37 (0.72-2.59)
1.53 (0.84-2.76)

0.58

0.16  0.02

2-week Sprint
Very Low
Low
Moderate (reference)
High
Very High

< 314 m
314 - 478 m
478 - 641 m
641 - 832 m
> 832 m

3.6
2.8
3.2
2.4
1.5

1.14 (0.61-2.12)
0.87 (0.78-1.71)
1.00
0.73 (0.36-1.49)
0.48 (0.24-0.97)

0.58

0.16  0.02

3-week Sprint
Very Low
Low
Moderate (reference)
High
Very High

< 494 m
494 - 720 m
720 - 942 m
942 - 1215 m
> 1215 m

3.9
2.8
2.2
2.6
1.8

1.77 (0.99-3.15)
1.26 (0.62-2.58)
1.00
1.18 (0.63-2.22)
0.82 (0.43-1.60)

0.57

0.16  0.03

4-week Sprint
Very Low
Low
Moderate (reference)
High
Very High

< 683 m
683 - 968 m
968 - 1247 m
1247 - 1583 m
> 1583 m

3.2
2.5
3.8
2.2
1.7

0.86 (0.47-1.56)
0.67 (0.38-1.17)
1.00
0.59 (0.32-1.07)
0.45 (0.25-0.84)

0.58

0.16  0.02

Sprint distance ACWR
Very Low
Low
Moderate (reference)
High
Very High

< 0.67
0.67 - 0.93
0.93 - 1.13
1.13 - 1.40
> 1.40

3.6
1.9
2.0
2.1
3.8

1.83 (1.01-3.32)
0.99 (0.50-1.94)
1.00
1.06 (0.55-2.07)
1.90 (1.01-3.58)

0.58

0.16  0.04

1-week on-legs RPE
Very Low
Low

< 775 AU
775 - 1232 AU

3.9
2.8

1.64 (0.99-2.71)
1.16 (0.60-2.26)

86
0.57

0.16  0.03

2.00 (1.15-3.46)
0.77 (0.38-1.56)
1.00
1.09 (0.60-2.08)
0.90 (0.50-1.61)

0.60

0.16  0.02

4.0
2.6
2.4
2.9
1.4

1.69 (1.10-2.62)
1.11 (0.57-2.14)
1.00
1.25 (0.72-2.15)
0.59 (0.31-1.14)

0.59

0.16  0.02

< 3688 AU
3688 - 4410 AU
4410 - 4908 AU
4908 - 5446 AU
> 5446 AU

4.5
3.5
2.6
1.9
1.4

1.59 (1.11-2.66)
1.00 (0.61-1.63)
1.00
0.56 (0.27-1.13)
0.70 (0.33-1.31)

0.61

0.16  0.02

< 0.86
0.86 - 1.02
1.02 - 1.14
1.14 - 1.30
> 1.30

4.1
2.4
2.3
3.2
2.1

1.38 (0.83-2.30)
1.02 (0.57-1.83)
1.00
1.01 (0.53-1.92)
0.93 (0.48-1.80)

0.53

0.16  0.02

1-2y
3-4
5-6
7-9
>9y

2.1
2.5
2.6
2.5
4.3

1.00
1.17 (0.64-2.15)
1.22 (0.59-2.50)
1.20 (0.67-2.14)
2.06 (1.04-4.22)

No (reference)
Yes

2.6
5.8

1.00
2.31 (1.11-4.80)

Moderate (reference)
High
Very High

1232 - 1376 AU
1376 - 1503 AU
> 1503 AU

2.4
2.8
1.7

1.00
1.18 (0.67-2.08)
0.71 (0.34-1.48)

2-week on-legs RPE
Very Low
Low
Moderate (reference)
High
Very High

< 1760 AU
1760 - 2220 AU
2220 - 2608 AU
2608 - 2885 AU
> 2885 AU

4.7
1.8
2.4
2.5
2.1

3-week on-legs RPE
Very Low
Low
Moderate (reference)
High
Very High

< 2752 AU
2752 - 3298 AU
3298 - 3746 AU
3746 - 4197 AU
> 4197 AU

4-week on-legs RPE
Very Low
Low
Moderate (reference)
High
Very High
On-legs RPE ACWR
Very Low
Low
Moderate (reference)
High
Very High
Playing Experience

0.16  0.02
0.56

Heavy Non-Football Activity
0.52

0.16  0.01

Old Lower Limb Pain

No (reference)
2.4
1.00
0.55
0.16  0.02
Yes
5.5
2.27 (1.34-3.86)
INJ= injured; IRR = incidence risk ratio; CI= confidence interval; SD = standard deviation m= meters;
AU = arbitrary unit;
Note, predictors where the 95% CI did not cross 1.00 appear in bold.

Table 4.2 presents the multivariate model that produced the highest predictive
accuracy. The following inferences account for all other variables in this model
(adjusted-IRR). A low chronic distance coupled with a very high distance ACWR was
associated with increased injury risk (adj-IRR=2.60, 95% CI=1.07-6.34) compared to
an above average chronic load and moderate ACWR. Conversely, a low on-legs sRPE
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chronic load coupled with a low on-legs sRPE ACWR was associated with increased
risk (adj-IRR=2.52, 95% CI=1.01-6.29) compared to an above average chronic load
and moderate ACWR. Other non-workload related variables (playing experience,
heavy non-football activity, old lower limb pain) retained significance in the model,
presenting similar risks (adj-IRR=2.02-2.25, 95% CI=1.02-4.95) to their respective
univariate models. Figure 4.1 presents the multivariate predicted injury probability for
each variable, whilst accounting for all other variables in the model. Predictive
accuracy of the multivariate model (AUC=0.70, 95% CI=0.64-0.75) was significantly
(x2=37.90; p<0.001) better than all univariate models (AUC= 0.52 - 0.60) when tested
on in-sample data. However, cross fold validation results indicated a very similar fit
(k=10:

RMSEunivariate meanSD=0.16



0.02 compared to

RMSEmultivariate

meanSD=0.16  0.02) on out-of-sample data, demonstrating an equal (clinical)
ability to predict injury in the subsequent week.

4.4 Discussion
We believe this is the first study to identify a multifactorial (workload, subjective
wellness, and player experience) injury risk model in elite Australian footballers. This
paper further supports the view that injuries are produced from a complex “web of
determinants”,27 with potential moderating12 effects occurring between these
determinants. The theory that ‘training load errors’1 28 may cause injury due to players
being ill-prepared for the demands of the week is supported. However, since most inseason weekly load is derived from games, load errors here (e.g. excessive spikes in
game loads compared to recent matches) may also be a key contributor to injury. As
previously reported,11 a clear relationship between independently modelled very low
cumulative chronic loads and increased injury risk in the subsequent week was also
identified. However, both screening14 and wellness ‘red flags’13 did not improve injury
model predictive accuracy here, despite applying an objective, individualized criterion
(a 1 SD decline from the norm). Manipulating training loads in response to wellness13
and/or screening profiles is common in elite sport, possibly explaining the null
predictive value, presenting a potential limitation to research designs in these settings.
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Table 4 2 Multivariate Model: Injury likelihood in subsequent week
Unit
Sprint distance chronic load # acute:chronic workload ratio
Low /Very Low
Low /Low
Low /Moderate
Low /High
Low /Very High
High /Very Low
High /Low
High /Moderate (reference)
High /High
High /Very High
Distance chronic load # acute:chronic workload ratio
Low /Very Low
Low /Low
Low /Moderate
Low /High
Low /Very High
High /Very Low
High /Low
High /Moderate (reference)
High /High
High /Very High
OnLegs sRPE chronic load # acute:chronic workload ratio
Low /Very Low
Low /Low
Low /Moderate
Low /High
Low /Very High
High /Very Low
High /Low
High /Moderate (reference)
High /High
High /Very High
Playing Experience

Heavy Non-Football
Old Lower Limb Pain

% INJ

adj-IRR (95% CI)

< 1097 m

< 0.67
0.67 - 0.93
0.93 - 1.13
1.13 - 1.40
> 1.40

3.8
2.0
1.8
2.7
4.4

1.44 (0.64-3.27)
0.87 (0.31-2.43)
0.78 (0.28-2.16)
1 23 (0.51-2.93)
1.60 (0.68-3.78)

> 1097 m

< 0.67
0.67 - 0.93
0.93 - 1.13
1.13 - 1.40
> 1.40

3.4
1.9
2.0
1.6
2.6

1.64 (0.65-4.11)
1.00 (0.42-2.41)
1.00
0.73 (0.29-1.83)
0 91 (0.36-2.29)

< 81694 m

< 0.88
0.88 - 0.99
0.99 - 1.08
1.08 - 1.21
> 1.21

3.5
1.8
3.5
3.5
4.4

1 11 (0.41-2.98)
0.80 (0.20-3.26)
1.62 (0.53-4.89)
1.73 (0.72-4.11)
2.60 (1.07-6.34)

> 81694 m

< 0.88
0.88 - 0.99
0.99 - 1.08
1.08 - 1.21
> 1.21

2.0
1.1
1.5
3.0
1.6

0.89 (0.29-2.74)
0.68 (0.19-2.42)
1.00
2 16 (0.78-6.02)
1 36 (0.32-5.78)

< 4660 AU

< 0.86
0.86 – 1.02
1.02 - 1.14
1.14 - 1.30
> 1.30

4.2
6.9
3.4
3.2
2.5

1.62 (0.70-3.77)
2 52 (1.01-6.29)
1 30 (0.37-4.63)
1.02 (0.44-2.34)
0.61 (0.26-1.45)

> 4660 AU

< 0.86
0.86 – 1.02
1.02 - 1.14
1.14 - 1.30
> 1.30

1.8
1.5
2.2
1.8
1.9

0.86 (0.30-2.50)
0.83 (0.34-2.04)
1.00
0.67 (0.25-1.85)
0.62 (0.13-3.07)

1 – 2 y (reference)
3–4
5–6
7–9
>9y

2.1
2.5
2.6
2.5
4.3

1.00
1 39 (0.73-2.63)
1 28 (0.59-2.75)
1 37 (0.77-2.43)
2.05 (1.03-4.06)

No (reference)
Yes

1.0
2.3

1.00
2.02 (1.17-3.49)

4-week cumulative
chronic load

ACWR

Model AUC
0.70

Model RMSE (mean  SD)
0.16  0.02

No (reference)
1.8
1.00
Yes
8.8
2 25 (1.02-4.95)
% INJ = percentage injured; adj-IRR = adjusted incidence rate ratio; CI = confidence interval; AUC = area under curve; RMSE = root mean squared error; m = meters; AU = arbitrary unit; y = years; # = interaction
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Figure 4.1 Predicted injury probabilities from multivariate model for all variables (Table 2). The model predicts the probability a player will
sustain a non-contact injury in the subsequent week, accounting for interaction (chronic load and ACWR) and moderating (heavy non-football
activity, old lower limb pain, playing experience) effects of other variables.
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Several factors may also interact with the workload-injury relationship12 and may act
as mediators or moderators of risk when considered in combination. Through a
multivariate approach, inferences can be made whilst accounting for other workload
(internal and external) variables and time invariant factors (playing experience). As
with Williams et al.,29 4-week cumulative chronic loads showed the greatest
association with injury and were selected to further explore the interaction between
chronic load and the ACWR11 in a multivariate model.

A low chronic load coupled with a very high ACWR (sprint distance) was associated
with the greatest injury risk in the subsequent week. Sudden load increases have
previously been associated with increased injury risk in the following week,7 11 with a
high chronic (i.e. high ‘fitness’) distance providing protection for moderate-high
ACWR, but increased risk for very high ACWR in elite rugby league players.11
Conversely, a high chronic load coupled with a very high ACWR was not associated
with increased risk in this AF cohort. Potentially, players with a high chronic base had
less likelihood of an elevated ACWR, since a much greater acute load is necessary to
elicit a similar ACWR to those with a low chronic base. Additionally, in elite settings
when players with high chronic load experience acute spikes, load management
strategies may be implemented to mitigate the 7 day injury risk latent period
investigated here. Interestingly, a low on-legs sRPE chronic load coupled with a very
low or low ACWR was associated with 1.6-2.5 times greater risk, compared to a high
chronic load and moderate ACWR. Possibly, players who experienced substantial deloading may have further reduced their chronic load foundation, a scenario shown here
to elevate risk, or were susceptible to large acute increases in load (i.e., a sessional
spike) during training or game sessions within the 7 day injury lag period investigated
here. These findings support a previous reports11 that high chronic loads provide
protection when exposed to a very high ACWR.

Interestingly, players reporting old lower limb pain and heavy non-football activity
were associated with twice the injury risk, highlighting the contribution of subjective
measures in elite environments. While not addressed in this paper, it is hypothesized
that these findings are indicating that a recent history of pain may precede an injury
incident or may represent a situation where an athlete is hyperalgesic in their response
to peripheral stimuli. Further, players with >9 years of playing experience were
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associated with a greater injury risk, emphasizing the importance of managing older
players. These variables were also retained in the multivariate model, thereby
warranting further investigation to determine the mediating step12 that may explain the
injury association.

Another novel aspect of this study was comparing univariate and multivariate model
predictive accuracy on in-sample data. As suggested previously,27 injury may be
attributed to a complex “web of determinants”, therefore it is unsurprising to find
greater accuracy for the multivariate model. However, when tested on out-of-sample
data (through cross validation), similar model fit errors were observed between
univariate and multivariate approaches, highlighting the challenge of applying these
models to derive out-of-sample injury risk.

Several limitations should be acknowledged in this study. Although the predictive
accuracy of the multivariate model may be deemed sufficient (AUC=0.70),30 predicted
probabilities were tested on the fully trained data set (in-sample testing). Greater
external validity may be gained by testing the models identified here on larger out-ofsample datasets (i.e., from other AFL teams), or for full prospective seasons. Preseason training phase data was not analyzed due to difficulties in calculating load
measures with retrospective calculations (cumulative workloads, ACWR) around the
off-season and Christmas breaks. Further, only on-legs field and game loads were
calculated; further research may examine methods to quantify total load (i.e., including
resistance and cross training) and load foundation achieved during pre-season.17
Lastly, injury was modelled across a 7 day latent period; future analysis may model
on a sessional basis to ensure all workload data is captured prior to injury.

Conclusions
Modeling combined injury risk factors is important for assessing the interaction and
moderating nature of multiple risk factors. In the models presented here, a player’s
chronic load greatly influenced the ACWR-injury relationship. A low chronic
(“fitness”) load coupled with a large acute de-load (<0.80 of a 4-week chronic load)
or spike (>1.20-1.40 of a 4-week chronic load) should be considered as potential
injury risk factors. For these HRS, players may further decrease their chronic load
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foundation, resulting in an underprepared state for competitive demands or their
“fatigue” (acute load) outweighs their “fitness”, leading to (overload) injury.
Furthermore, simple “yes/no” wellness responses may have predictive value and
should be factored into weekly injury risk assessment in elite sport. The findings here
can encourage practitioners to embrace the complexity of injury prediction and
consider using a multifactorial approach.

4.5 Practical Implications
•

Multivariate injury risk modeling may increase predictive accuracy by
considering the interaction and moderating effects of common risk factors.

•

A player’s chronic workload foundation plays a large moderating role when
modeling injury risk in elite Australian footballers.

•

Low acute:chronic workload ratios should be considered an injury risk factor
for the subsequent week, as this may lower the chronic load foundation.

•

Simple yes/no subjective wellness responses may have injury predictive value
in the subsequent week.
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5

Repeated exposure to high risk
scenarios and potential
moderators
Repeated exposure to established high risk workload scenarios
improves non-contact injury prediction in elite Australian
footballers

This chapter is based on the peer-reviewed paper Accepted and Published in the
International Journal of Sports Physiology and Performance:

Colby MJ, Dawson B, Peeling P, Heasman J, Rogalski B, Drew M, Stares J.
Repeated exposure to established high risk workload scenarios improves non-contact
injury prediction in elite Australian footballers. International Journal of Sports
Physiology and Performance 2018; [Published Online First: 15/03/2018]
doi: 10.1123/ijspp.2017-0696
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5.0 Abstract
Objectives: To assess the effect of multiple high risk scenarios (HRS) exposures on
non-contact injury prediction in elite Australian footballers.
Design: Retrospective cohort study.
Methods: Sessional workload data (session-rating of perceived exertion; GPS-derived
distance, sprint distance, maximum velocity) from one club (n= 60 players) over 3
seasons were collated; several established HRS were also defined. Accumulated HRS
sessional exposures were calculated retrospectively (previous 1-8 weeks). Noncontact injury data was documented. Univariate and multivariate Poisson regression
models determined injury IRR while accounting for moderating effects (pre-season
workload volume, playing experience). Model performance was evaluated using
receiver operating characteristics (AUC).
Results: Very low (0-8 sessions: IRR=5.76, 95% CI=1.69-19.66) and very high (>15
sessions: IRR=4.70, 95% CI=1.49-14.87) exposures to >85% of an individual’s
maximal velocity over the previous 8 weeks were associated with greater injury risk
compared to moderate exposures (11-12 sessions), and displayed the best model
performance (AUC=0.64). A single session corresponding to a very low chronic load
condition over the previous week for all workload variables was associated with
increased injury risk, with sprint distance (IRR= 3.25, 95% CI= 1.95-5.40) providing
the most accurate prediction model (AUC=0.63).
Conclusions: Minimal exposure to high velocity efforts (maximum speed exposure,
sprint volume) was associated with the greatest injury risk. Being under-loaded may
be a mediator for non-contact injury in elite Australian football. Pre-season workload
and playing experience were not moderators of this effect.

Keywords: injury risk; area under curve; high-velocity; team sports
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5.1 Introduction
Australian football (AF) is a physical game involving large running volumes, rapid
directional changes and high velocity running efforts. Minimising injury risk is a
priority for sports medicine/science staff, as injuries have a detrimental impact on team
and individual success.1 An increased understanding of the relationship between
workloads and injury has been recently established.2-15 However, these studies have
only evaluated a single exposure to high injury risk situations. In practice, athletes are
repeatedly exposed to these situations as components of their training and competition
schedules. Preliminary research has found a protective effect with the exposure to
maximum velocity efforts in Gaelic football players,10 suggesting both over- and
under-exposure may be associated with increased injury risk. For the practitioner,
these “high injury risk scenarios” (HRS) present challenges to the integrated high
performance team19 20 charged with managing the workload of athletes. Furthermore,
factors such as aerobic fitness,11 accumulated pre-season workload,4

15

playing

experience,7 16 and previous injury17 may also moderate the injury risk associated with
these scenarios.

A consideration for sports medicine/science staff is determining the cost-benefit
ratio18 of injury risk decisions.19 20 Here, the outcomes of the overall high performance
system must be judged against sub-systems such as coaching needs and athlete
health.19 There is now level 1 evidence1 to suggest that sacrificing an individual
athlete’s or the team’s squad availability for matches will lower performance
outcomes; therefore each decision must equally account for performance and health
consequences. Predictive qualities (sensitivity, specificity, and receiver operating
characteristics: ROC), in addition to relative and absolute risks associated with the
data, may assist in this shared decision making process.21 To date, only one study in
AF has reported on subsequent week absolute injury risk changes (compared to
baseline) for common workload metrics.13 Here, an exposure to a high acute sprint
load increased injury probability by 0.5% over the baseline exposure risk (pre-test
probability). However, as highlighted recently,22 the minimal important difference for
these absolute risks before targeted (indicated) prevention occurs is subject to the
views of players, coaches and/or practitioners, and is context specific.
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To date, most research has assessed injury risk as a “one-off” exposure at a given time
point (i.e. start of a week5) or latent period.14 Yet, in practice, athletes may be
repeatedly exposed to these potential high-risk injury situations. Therefore, this study
seeks to inform practitioners in three ways: a) detail how multiple exposures to
established HRS increase injury risk; b) determine if a player’s pre-season workload
exposure and playing experience moderates the HRS and injury relationship; c)
determine the clinical utility of these results in a real world setting. We hypothesised
that greater exposure to established HRS would be associated with increased injury
risk, and that this relationship would be moderated by pre-season workload and
playing experience.

5.2 Methods
Player data (n=60: 46 players were listed in multiple seasons) from a single Australian
Football League (AFL) club across three consecutive seasons (2014-2016) was used.
In total, 7147 individual in-season sessional data points were collected. Mean (± SD)
player age, stature and body mass were: 23.3 ± 3.8 y, 188.9 ± 6.4 cm and 88.1 ± 7.9
kg, respectively. For AFL system experience, 27% of players had 1-2 y, 27% had 3-6
y and 46% had 7+ y, respectively. Players either competed in AFL or Western
Australian Football League matches across these seasons. All players provided written
consent prior to participation. Data was de-identified and extracted from the club’s
athlete management system (SMARTABASE, Fusion Sport, Brisbane, Australia).
Human ethics approval was obtained from the host institution review board (approval
RA/4/1/5015).
Injury information was classified and collated by the club’s senior physiotherapist. As
per previous research5, only lower body non-contact injury resulting in matches
missed were included. This definition of injury is comparable to a competition, sports
incapacity injury.23 24

Previously validated objective (GPS-derived; total distance, sprint distance, maximal
velocity) and subjective (field on-legs sRPE) sessional workload data was collated
throughout each season, as per prior research.5 Using the evidence-base of previous
literature, several HRS were defined (Table 1). Sessions where athletes were exposed
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to a HRS were summed for several retrospective timeframes (i.e., previous 1-8 weeks
of training) prior to every session. It should be noted that the traditional acute:chronic
workload ratio was used (to match previous investigations within this cohort5),
however, recent investigations have suggested caution should be exercised with this
method due to mathematical coupling.25

A mixed model generalized estimating equation (GEE) analysed the relationship
between sessional data and injury, as these analyses can handle panel data (repeated
individual measures). For injury risk (injury/no injury in any session), a Poisson loglink regression with robust error estimate, and exchangeable working correlation
structure (within the GEE model) was used.26 To determine if multiple exposures to
HRS increased or decreased non-contact injury risk, incidence rate ratios (IRR) were
calculated for above (high risk) and below (low risk) the cut-point, thereby
maximising sensitivity and specificity (Youden’s index). Maximum velocity counts
were sorted from lowest to highest and split into pentiles for analysis to represent verylow to very-high ranges, as quadratic relationships for this variable has been observed
previously.10 Univariate GEE regression models for each predictor variable were
determined, not accounting for other moderating covariates.5

27

As playing

experience16 and pre-season workload4 15 have both been previously associated with
injury, these variables were entered into a multivariate model (as pentiles) to
determine if the risks associated with HRS exposures were moderated.27 Adjusted IRR
(adj-IRR) in the multivariate models represent the risk whilst accounting for
moderating effects of other variables.5 All data analysis was performed in Stata 12
(Stata 12 IC, StataCorp, USA). Statistical significance occurred when an IRR 95% CI
did not cross 1.00. Clinical significance was determined if the IRR was greater than
3.0.
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Table 5.1. Quantification of high risk scenarios and supporting literature.
High risk scenario

Calculation
Count of sessions exposed for the past "n" weeks

Supporting literature

Over-load/ Non-functional over-reaching
ACWR spike

Very high ACWR as determined by sessions categorized in the 5th quantile

5, 8, 9, 14

Week-to-week change

Previous (2-weeks ago) to current week (last 7 days) change >10, 20, 30%

6, 12

Very high chronic load

3, 12

Acute workload ceiling

Very high 4-week chronic load as determined by sessions categorized in the 5th
quantile
Individual’s highest 1-week acute load for the current season

Chronic workload ceiling

Individual’s highest 4-week chronic load for the current season

Season high maximal velocity

Individual’s new maximum speed for that season

Under-load/ Ill-prepared for competitive
demands
ACWR trough

2
2
Novel - "PB effect"

Very low ACWR as determined by sessions categorized in the 1st quantile

5

Very low chronic load

Very low 4-week chronic load as determined by sessions categorized in the 1st quantile

5

Exposure to maximal velocity

Session with at least one effort > 80, 85, 90, 95% of their historical maximum speed to
date

10

Potential moderators
AFL system playing experience

3 quantiles to represent a developing, main squad or veteran athlete

5, 16

Pre-season workload

3 quantiles to represent low, moderate, and high total pre-season workload

4, 15

"n" = 1-8 weeks; ACWR = acute:chronic workload ratio; AFL = Australian Football League; PB = personal best
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The ROC curves were then used to assess the accuracy of predicted probability from
each model, with AUC comparisons to determine the best timeframe undertaken using
the “jack-knife method” (a nonparametric estimate for variance comparisons28), with
Sidak correction to account for multiple comparisons. When no significant difference
occurred between timeframes, the most practical (shortest) timeframe in a real-world
setting was presented. Furthermore, to evaluate each model’s ability to fit out-ofsample data, k-fold cross-validation with 10-folds was utilized. For comparison, root
mean squared error (RMSE) was reported where lower values and less variability (SD:
standard deviation) between k-folds indicated a better fit. To determine the clinical
utility of risk factors, pre- and post-test probabilities were calculated and the difference
(absolute risk) presented. Injured players’ data for the sessions following injury were
excluded until they returned to main training.

5.3 Results
Overall, 58 non-contact lower body injuries resulting in games missed were sustained
across the three in-season phases and were subsequently included in the analysis.
Descriptive statistics and very low/very high cut-points for workload variables are
presented in Appendix C (Table 5.3).

Table 5.2 presents the univariate models. If no significant differences existed between
the AUC, the most practical (shortest) timeframe of exposures are presented. For the
high-risk scenarios presented (Table 5.2), sensitivity and specificity of each exposure
range can be found in Appendix C (Table5.4).

An increase in the positive predictive value was observed for lower pre-season (GPS)
workloads, greater playing experience and increased injury risk; however, the model
accuracy was poor (AUC=0.54-0.59) and the IRR 95% CI crossed 1.0 (Appendix C;
Table 5.5). These hypothesised moderators, when included in a multivariate model,
did not alter the IRR associated with the HRS. Nor did they significantly improve insample (AUC) or out-of-sample (RMSE) model accuracy. As such, the results are not
presented here.
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Table 5.2 Univariate models: High risk scenario exposures and non-contact injury risk.
TIMEFRAME:
Sessions
Exposed

PPV
[%]

IRR (95% CI)

Absolute
Risk

AUC (95% CI)

1.32
0.58
0.21
0.66
1.03

5.76 (1.69-19.66)
2.58 (0.69- 9.64)
1.00
3.03 (1.01 - 9.10)
4.70 (1.49 – 14.87)

0.55%
-0.19%
-0.55%
-0.11%
0.26%

0.64 (0.58-0.71)

1.18
0.49
0.52
0.55
0.87

2.15 (0.97-4.79)
0.93 (0.33- 2.59)
1.00
1.05 (0.46- 2.42)
1.64 (0.62 – 4.31)

0.41%
-0.28%
-0.25%
-0.22%
0.10%

0.60 (0.53 - 0.68)

0.54
1.64

1.00
3.25 (1.95- 5.40)

-0.27%
0.83%

0.63 (0.56-0.69)

0.63
1.63

1.00
2.52 (1.51- 4.19)

-0.18%
0.82%

0.59 (0.53-0.65)

0.66
1.18

1.00
1.71 (1.09- 2.66)

-0.15%
0.37%

0.57 (0.50-0.63)

LAST 1-WEEK:
0 (ref)

0.60

1.00

-0.21%

≥1

1.24

2.04 (1.24- 3.38)

0.43%

Low Risk
High Risk

LAST 2-WEEKS:
< 3 (ref)
≥3

0.63
1.16

1.00
1.93 (1.13- 3.31)

-0.08%
0.65%

LARGE WEEK-TO-WEEK CHANGE
On Legs sRPE > 20%
Low Risk
High Risk
Distance > 30%
Low Risk

LAST 2-WEEKS:
< 4 (ref)
≥4
LAST 2-WEEKS:
< 3 (ref)

0.70
1.82

1.00
2.53 (1.38- 4.63)

-0.11%
1.01%

0.72

1.00

-0.09%

1.38

1.85 (1.02- 3.35)

0.57%

High risk scenario

EXPOSURE TO MAX SPEED
> 85 % individual max
Very Low
Low
Most significant
Moderate
High
Very High
> 85 % individual max
Very Low
Low
Most practical
Moderate
High
Very High
VERY LOW 4-WEEK CHRONIC
LOAD
Sprint distance chronic < 599 m
Low Risk
High Risk
On Legs sRPE chronic < 3623 AU
Low Risk
High Risk
Distance chronic < 75 141 m
Low Risk
High Risk
VERY LOW 1-WEEK ACUTE LOAD
Sprint Distance < 118 m
Low Risk
High Risk
VERY HIGH ACWR
On Legs sRPE > 1.37

High Risk

LAST 8-WEEKS:
0-8
9 - 10
11 – 12 (ref)
13 - 15
> 15
LAST 4-WEEKS:
0-4
5
6 (ref)
7-8
9 - 12

LAST 1-WEEK:
0 (ref)
≥1
LAST 1-WEEK:
< 2 (ref)
≥2
LAST 1-WEEK:
0 (ref)
≥1

≥3

0.59 (0.52-0.65)

0.55 (0.49-0.60)

0.56 (0.51-0.62)

0.55 (0.49-0.60)

PPV = positive predictive value (injured cases/ total cases *100); IRR = incidence rate ratio; CI = confidence interval;
SD = standard deviation; AUC = area under curve; ref = reference category; ACWR = acute:chronic workload ratio;
On Legs sRPE= field session rating of perceived exertion
Note, high risk scenario’s where IRR >3.00 (clinical significance) appear in bold.
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5.4 Discussion
To our knowledge, this is the first study to investigate multiple exposures to high-risk
loading conditions and non-contact injury risk in elite AF. Prior research3 5 12-14 has
investigated injury risk associated with single exposures to high-risk loading
conditions in AF; however, our data shows that greater risk may be associated with
multiple exposures (which commonly occurs) over varying timeframes. The HRS
pertaining to high velocity exposure (maximum speed exposure, sprint chronic
volume) displayed the greatest relative risks and injury predictive accuracy. For these
scenarios, under-load (i.e. a low chronic load, low maximum speed exposure) recorded
the greatest association with injury risk, potentially reflecting a state of underpreparedness. For this cohort, minimal exposure to maximum velocity efforts and
having a low chronic load condition may be a key mediator for non-contact injury.

A U-shaped relationship was evident for repeated sessional exposure to near maximal
velocities and non-contact injury risk (Figure 5.1). Very low exposures identified the
greatest number of injuries (49%). Previous research10 has investigated exposure to
maximum velocity efforts in Gaelic football players, but did not assess timeframes
greater than the previous 7-days, nor the predictive accuracy. Our findings suggest
exposures over longer timeframes (4-8 weeks) improve predictive accuracy. Targeted
(indicated) injury prevention strategies in AF should include exposure to >85% of an
individual’s maximum velocity over 5-8 sessions (training or games) across a 4-week
block, as this velocity threshold displayed the greatest predictive accuracy (AUC range
= 0.60-0.64).

A repeated exposure effect for on-legs sRPE very low (<3623 AU) chronic workloads
in the past week was observed. Subjective measures of workload may be more
sensitive at predicting non-contact injury when a very low load ‘trough’ of two or
more sessions is observed. Furthermore, multiple exposures (3 or more) to a very high
(>1.37) on-legs sRPE ACWR over the previous 2-weeks was associated with greater
injury risk compared to less than three exposures; although sensitivity (22% of injuries
above threshold) and predictive accuracy were poor (AUC= 0.55). Potentially, players
eliciting a very high ACWR in a session increase their chronic load to a point that does
not allow for a very high ACWR in subsequent sessions, possibly explaining the lack
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of findings here. Lastly, multiple exposures (3 or more sessions) to large week-toweek changes (on legs sRPE >20%, distance >30%) over the previous 2-weeks
increased injury risk but also displayed poor predictive accuracy (AUC=0.55-0.56).
Despite a low sensitivity (21-22%) to predict injury when classified as high risk, the
number of “false alarms” (specificity=87-90%) was notably lower than other
variables, suggesting practitioners should still consider acting when these scenarios
occur. If a player enters a high risk condition, such as those identified above, an
‘indicated’29 (targeted) prevention approach should attempt to minimize subsequent
exposures within the following 2-week block.

For objective workload measures, as little as one sessional exposure to a very low
chronic (distance <75 141 m, sprint <599 m) or acute (sprint <118 m) load condition
in the past week increased injury risk. Notably, exposure to a very low sprint chronic
load condition in the previous week was associated with a 3-fold increase in injury
risk, identifying 50% of injuries in this cohort. As such, preventive strategies should
ensure AF players attain >150 m of sprint volume per week, to maintain a minimum
workload for competitive demands.2 Practitioners may also take a selective prevention
approach29 for players forecasted to fall into a very low acute or chronic load
conditions in subsequent sessions (forecasted sessions may be calculated through a
training drill and/or game average database). Suggested approaches may include; a)
informing the player of their low output prior to training and the need for greater
exertion in training drills; b) modifying drills within training to allow greater output
for the required (low) load variables; c) prescribing running conditioning drills to
allow players to attain the required volume.

It was hypothesized here that playing experience would be a moderating factor in
significantly decreasing the IRR associated with HRS. However, as reported recently,7
there was no evidence to suggest playing experience significantly moderated the HRS
defined here. Greater pre-season volume has also been shown to reduce in-season
injury risk in this cohort4, however, no moderating effect was observed when
accounted for in a multivariate model. These findings may be explained by the
modelling approach undertaken here. Firstly, HRS were defined prior to considering
any interaction effects. Therefore, HRS may vary depending on years of playing
experience. Secondly, the “optimal” cut point (that maximized sensitivity and
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specificity) was determined for the full squad. Creating exposure cut points by playing
experience and/or pre-season workload may provide greater insight.
As discussed in a recent editorial,21 it is important to differentiate between association
(i.e. incidence risk ratios) and prediction (i.e. sensitivity, specificity, AUC) when
advising coaches on the injury risk for various loading conditions. Further to these
suggestions, we believe comparing HRS to the baseline exposure risk (or pre-test
probability) of playing the sport/being on the field will give practitioners further
insight into the absolute risk in applied settings. The absolute risk (or risk difference22)
is calculated by subtracting the post-test probability (probability after being classified
within a loading condition) from the pre-test probability (probability of getting injured
within the total sample). When interpreting absolute risks, it is important to consider
the setting in which they are calculated; for example, daily/sessional, weekly, or
training phase. For this study, absolute risks were unsurprisingly low since the ‘event’
(i.e., non-contact injury resulting in a match missed) was rare and data was analyzed
on a sessional basis. Previous research13 has reported a weekly absolute risk of 0.5%
for incurring a subsequent week hamstring injury strain when exposed to >653m of
high intensity running. Our results identified a slightly higher absolute risk (0.371.01%), even when calculated on a sessional basis, with a very low chronic load
(sprint, on-legs sRPE) and large week-to-week changes (multiple exposures >20% onlegs sRPE) displaying the greatest absolute risk. Although this study did not seek to
establish the minimal important difference22 from the absolute risks presented, it is
important coaches are informed and make injury risk decisions in a context-specific
manner.

Lastly, some study limitations should be acknowledged. Firstly, a relatively low
number of injuries were included (and therefore the chance of detecting an injury event
was rare, being <1%), as the study focused on injuries most detrimental to
performance (matches missed). Accounting for the interplay between all injuries (i.e.
low severity and/or high impact contact injuries) may improve injury detection, as
preliminary evidence suggests subsequent injuries are usually related to an
initial/previous injury.17 Secondly, as a retrospective study design was employed to
include all available workload data up to a given session, the injury lag period (i.e.
subsequent week) was excluded. Future research may adopt a prospective
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epidemiological approach that examines the multiplicative injury risk of each
subsequent exposure to a HRS and injury in a given lag period. Thirdly, staff at the
AFL club used here were aware of current literature, and as such, likely made
decisions to mitigate risk (i.e. training load management) when athletes were exposed
to a HRS (i.e. an ACWR > 1.50). By auditing injury risk actions and decisions,
practitioners may further validate these metrics for injury prediction in prospective
seasons. Fourthly, the HRS defined here were taken from previous literature and case
studies specific to this cohort. Future research should examine the HRS specific to a
particular sport. Finally, this modelling approach examined the total sum of sessions
exposed in each timeframe, and did not account for the distribution of these exposures.
Further research should determine if consecutive or exponentially weighted exposures
increase injury risk.

Conclusions
A U-shaped relationship between maximum speed exposure and increased injury risk
was evident in AF. Low maximum speed exposure and low chronic workloads were
identified as HRS. Multiple exposures to HRS may be required before non-contact
injury detection is optimized. Very low daily absolute lower limb injury risk was
observed. Being under-loaded may be a mediator for non-contact injury in elite
Australian football.

5.5 Practical Implications
•

Implementing a maximum velocity “top-up” training protocol to ensure
athletes are exposed to near maximal speeds on a regular basis may reduce
injury risk.

•

Establishing a chronic load ‘floor’ may reduce injury risk by ensuring players
are well prepared for the demands of competition.

•

Targeted injury prevention strategies in AF should involve forecasting loads
to monitor players who are trending towards very low loading conditions.
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Summary and Conclusions
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6.0 Summary
Research has identified several independent factors associated with injury in elite team
sports. However, investigation of these factors in isolation may not support the
multifactorial paradigm that contributes to an injury,1 and the potential risk associated
with multiple exposures to possible high injury risk scenarios. A multifactorial
approach accounting for potential factors (both modifiable and non-modifiable) that
could predispose athletes to injury when exposed to workload, may represent a more
holistic method for explaining the dynamic factors relating to injury occurrence. As
such, the primary aim of this thesis was to investigate the multifactorial cause of noncontact injury within elite Australian footballers. To reflect a real-world injury risk
assessment, investigations were structured sequentially across the AF season; they
sought to explore the important injury risk factors in the following order; 1) prior to
the season, 2) from the pre-season training phase, and 3) from the competitive inseason phase.

The initial risk assessment (Chapter 3) investigated the modifiable and non-modifiable
factors derived from the pre-season training phase that were associated with injury
within the pre-season and in-season (conducted through a multivariate analysis).
Furthermore, injury incidence trends were explored across multiple time points within
an AFL season. The findings here showed that non-contact injury incidence in this
cohort was greatest during the pre-competition (pre-season) phase, corresponding to
the player’s first exposure to competitive games. As such, the prescription of loads
prior to the introduction of pre-season games should ensure players achieve a moderate
to high chronic workload foundation. This mitigates the potential for a large increase
in acute workload (compared to what they are prepared for) and intensity during the
pre-competition phase. During the in-season phase, injury incidence was greatest in
rounds 12-17, which commonly coincides with the time period following the annual
mid-season bye. Workload prescription during this mid-season bye should aim to
maintain moderate-high chronic workloads, to ensure there are no harmful spikes in
workload that could contribute to increased injury risk2-4 following the return to
competitive play during the subsequent rounds. For the total workload measures
collected across the pre-season training phase, a greater late pre-season total distance
(>108 km) was associated with lower injury risk across the full in-season phase. This
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supports the notion that those players able to accumulate greater pre-season workload
volumes may represent more robust players.5 Furthermore, our data indicated that
during rounds 1-5, moderate-to-high (89-125 km) cumulative total distances during
the preceding pre-competition phase were associated with the lowest risk of injury.
These results provide further support for the theory that athletes need to ‘load to
withstand load’, with the acknowledgment that there is likely an upper threshold
(overload) that will pose an increased injury-risk for all players.2 5-7 Collectively, these
findings suggest that low cumulative total distances completed during pre-season may
contribute to the player’s ‘injury risk profile’ at the commencement of the in-season
phase.

In building on the phase analysis performed in study one, study two then aimed to
identify the weekly injury risk factors derived within the in-season competitive phase,
to establish a multivariate model that may improve non-contact injury prediction
accuracy. In agreement with study one (and previous other literature3 5), univariate
investigations identified that a low cumulative workload (over the previous 4-weeks)
was associated with the greatest injury risk in-season. This suggests that being illprepared for the demands of training and games may be a potential cause of injury in
this cohort. However, both musculoskeletal screening9 and wellness ‘red flags’ (i.e.,
warning signs)10 did not improve injury predictive accuracy here, despite applying an
objective, individualized criterion (a 1 SD decline from the norm). Manipulating
training loads in response to wellness10 and/or screening profiles is common in elite
sport, possibly explaining the null predictive value obtained here, and likely presenting
a potential limitation to research designs in these settings. Notably, when the
significant variables were explored within a multivariate model, the predictive
accuracy (AUC=0.70, 95% CI=0.64-0.75) was significantly (p<0.001) better than all
independent univariate models (AUC range=0.51-0.60). Within this multivariate
model, a low chronic workload coupled with an acute de-load or spike was associated
with greater injury risk. This finding supports previous research in a rugby cohort,3
suggesting high chronic workloads (i.e. greater “fitness”) can provide protection when
exposed to acute changes in workload. Furthermore, simple “yes/no” wellness
responses, in addition to playing experience, were retained in the multivariate model
and may contribute to the multifactorial cause of injury. Collectively, the findings
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from study one and two encourage the use of a multifactorial analysis approach to
identify high-risk injury scenarios in elite team sport programs.

A number of injury risk factors were identified at a given time point in study one (at
the end of pre-season) and study two (at the start of each week in-season); however,
in practice, athletes may be exposed to these potential high-risk injury situations on a
regular basis. Subsequently, study three aimed to assess the effect of multiple
exposures to HRS (as identified in Chapter 4) on non-contact injury prediction, and to
determine if pre-season factors (as identified in Chapter 3) moderated this relationship
(via a multivariate analysis). Within this cohort, minimal exposure to high velocity
efforts (maximum speed, sprint volume) was associated with the greatest injury risk,
and displayed the greatest predictive accuracy (AUC=0.64). In agreement with
previous research,11 a U-shaped relationship between maximal speed exposures and
injury risk was apparent, providing further evidence for a potential workload ‘floor’
(to ensure suitable fitness is maintained) and ‘ceiling’ (ensure excessive fatigue does
not contribute to injury) in this cohort. Interestingly, when multivariate modeling was
applied, pre-season workload and playing experience were not moderators of these
high-risk scenario exposure effects. These findings suggest that repeated exposures
for selected HRS (i.e., maximum speed exposure) may improve injury prediction
accuracy.

6.1 Conclusions
Using the collective results from these studies, practitioners may be able to better
define ‘injury risk profiles’ for individual players to help guide injury prevention
practices. Firstly, study one showed that moderate-high late pre-season workload
volumes (>108 km) were associated with lower injury risk in-season. Additionally,
study two identified several in-season injury risk factors, including workload
parameters (low chronic workload, high ACWR) and non-modifiable characteristics
(playing experience). When these in-season risk factors were combined in a
multivariate model, the injury predictive accuracy of the model was significantly
improved compared to univariate investigations. Finally, study three highlighted the
effect of multiple exposures to pre-established high injury risk scenarios. For exposure
to near maximal speed, a U-shaped injury risk relationship was observed for the

118
number of sessions exposed to >85% of maximal speed, over the past 4 to 8-weeks.
Conversely, as little as one sessional exposure to a very low chronic workload scenario
in the past week was associated with greater injury risk. The collective results of this
thesis suggest that being under-loaded (reflecting a state of under-preparedness for the
competitive demands of AF) may be a key mediator for non-contact injury in elite AF.
In a practical sense, this may support the consideration of a both a floor and ceiling of
training load for players to reduce injury risk. In conclusion, the findings from this
thesis encourage practitioners to embrace the complexity of injury association and
prediction in elite team sports by implementing multivariate modeling techniques.

6.2 Practical applications
This series of investigations have added to the current literature on injury risk factors,
providing further insight into the specific multifactorial paradigm of injury in elite AF.
For the practitioner or coach working with team sport athletes, the findings presented
here highlight the need for a multifactorial approach when determining the injury risk
status of a player. When determining an individual’s injury risk profile, the cumulative
workload foundation (total volume) achieved during the pre-season training phase
should be considered. It is likely those players achieving lower workloads may reflect
a state of under-preparedness and/or the less robust players within the squad.
Practitioners should look to forecast loads to identify athletes that are trending towards
very low acute or chronic load conditions in subsequent sessions (forecasted sessions
may be calculated through a training drill and/or game average database). To mitigate
risk, a well-considered ‘top-up’ training protocol should be implemented to maintain
moderate chronic workloads throughout the season. Furthermore, a near maximal
velocity ‘top-up’ training protocol may ensure players are exposed to near maximal
speeds on a regular basis, to mitigate the associated injury risk. Notably, given a
multivariate modeling approach significantly improved the injury predictive accuracy,
it is suggested that injury risk factors in team sports should be considered collectively.
However, a context-specific decision making process is encouraged given the
likelihood of a ‘false alarm’ if relying solely on the output of a statistical model.
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6.3 Limitations
Although the results of this thesis have several useful applications, the following
limitations may apply;
•

A relatively low number of injuries were included in these analyses, as this
thesis focused on the injuries most detrimental to performance (matches
missed). With a greater number of injuries and data points, the ability to subset
variables to investigate the direct interaction may be possible. For example, a
three-level interaction between workload (i.e. low vs. high workload), playing
experience (i.e. emerging vs. established) and musculoskeletal screening (i.e.
unrestricted vs. restricted ROM) data, may provide further insight.

•

Only non-contact injuries were investigated, as the potential confounding
factors for contact injuries were beyond the measurable scope of this thesis.

•

Given the dynamic nature of the AFL season, no two seasons were the same
in regards to fixture structure (i.e. number and cluster of short turnarounds
between games), travel (i.e. long haul flights), team success (i.e. ladder rank),
and the coach perceptions on game tactics/strategy. These represent potential
confounders around reproducible workload prescription, pattern analysis, and
injury-risk assessment across numerous seasons.

•

The analysis of week-to-week pre-season data was limited due to missing
workload data experienced around the off-season phases and Christmas breaks
(as limited by AFL Player Association regulations).

•

The application of these objective findings to other AFL teams and team sports
with different players and training programs may be limited, as the identified
risk factors are specific to this playing squad and sport.

•

Staff at this AFL club were aware of the current literature, and as such, likely
made decisions to mitigate risk (i.e. training load management) when athletes
were exposed to a HRS (e.g. an ACWR >1.50; low chronic workload)
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6.4 Future research directions
These findings provide useful insights into the multifactorial cause of injury in team
sport athletes. However, to further the knowledge in this field, future investigations
should explore the following;
•

Inclusion of all injuries (including low severity and contact injuries) will
provide greater statistical power and allow for more complex analyses.
However, this may also increase ‘noise’ inherent within the findings if all
injuries are grouped as equal.

•

Inclusion of a player’s off-field workload to quantify all training modalities of
the program (i.e., resistance and cross training modalities). This may provide
greater insight into the total load (and interaction between training modalities)
a player has performed, and the associated injury risk.

•

Analyses specific to body type (i.e. hamstring, calf, groin), severity (medical
attention, time-loss, match-missed injuries), and/or mechanism (i.e. sprinting,
change of direction, jumping) of injury may provide greater injury prediction
accuracy.

•

Consideration of a “baseline” risk (i.e. pre-test probability) in order to assess
the probability of injury above the normal incidence rate within the sport may
provide greater insight into the practical value of the identified risk factors in
the literature. This information could then be used to present the true absolute
risks (pre-test probability vs. post-test probability) associated with each risk
factor.

•

Machine learning techniques (decision trees, neural networks Bayesian
analysis), through artificial learning, may improve the injury predictive
accuracy of the current variables that have been explored in the literature.
However, practitioners must be cautious of the practical interpretation (i.e. by
a coach) of these models in a real-world setting.
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•

Implementing a prospective epidemiological approach that examines the
multiplicative injury risk of each subsequent exposure to a high-risk scenario.
This may accurately represent a real-world setting, where players are
repeatedly exposed to potential injury risk factors, thereby improving potential
injury prediction accuracy.

•

Analyzing the distribution of high injury-risk exposures and potential cluster
effects, may improve injury prediction accuracy. These analyses could also
explore consecutive exposures, exponentially weighted exposures, or the
cumulative toll across a season.

It is evident that more research is required to further explore the predictive power of
the current injury risk factors in elite team sport settings. As such, it is suggested that
practitioners analyse their own set of variables to identify the highest injury risk
scenarios, where there is the greatest association with injury, and make decisions in a
context-specific manner for each individual player.
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Table 3.6 Classification of moderate and high severity intrinsic injuries across season phases. *
Pre-Season (6570 h)

In-Season (9935 h)

Overall (16504 h)

N

Injury Incidence

%

N

Injury Incidence

%

N

Injury Incidence

%

76

11.6 (9.0-14.2)

100.0%

104

10.5 (8.5-12.5)

100.0%

180

10.9 (9.3-12.5)

100.0%

29
11
9
7
9
11

4.4 (2.8-6.0)
1.7 (0.7-2.7)
1.4 (0.5-2.3)
1.1 (0.3-1.9)
1.4 (0.5-2.3)
1.7 (0.7-2.7)

38.2%
14.5%
11.8%
9.2%
11.8%
14.5%

44
13
8
6
17
16

4.4 (3.1-5.7)
1.3 (0.6-2.0)
0.8 (0.2-1.4)
0.6 (0.1-1.1)
1.7 (0.9-2.5)
1.6 (0.8-2.4)

42.3%
12.5%
7.7%
5.8%
16.3%
15.4%

73
24
17
13
26
27

4.4 (3.4-5.4)
1.5 (0.9-2.0)
1.0 (0.5-1.5)
0.8 (0.4-1.2)
1.6 (1.0-2.2)
1.6 (1.0-2.2)

40.6%
13.3%
9.4%
7.2%
14.4%
15.0%

Muscle strain/tear/rupture
Ligament injury/ sprain
Tendon injury/ rupture

44
4
6

6.7 (4.7-8.7)
0.6 (0.0-1.2)
0.9 (0.2-1.6)

57.9%
5.3%
7.9%

65
8
5

6.5 (5.0-8.1)
0.8 (0.2-1.4)
0.5 (0.1-0.9)

62.5%
7.7%
4.8%

109
12
11

6.6 (5.4-7.8)
0.7 (0.3-1.1)
0.7 (0.3-1.1)

60.6%
6.7%
6.1%

Lesion of meniscus, cartilage or disc
Bone Injury
Other

7
9
6

1.1 (0.3-1.9)
1.4 (0.5-2.3)
0.9 (0.2-1.6)

9.2%
11.8%
7.9%

9
13
4

0.9 (0.3-1.5)
1.3 (0.6-2.0)
0.4 (0.0-0.8)

8.7%
12.5%
3.8%

16
22
10

1.0 (0.5-1.4)
1.3 (0.8-1.9)
0.6 (0.1-1.1)

8.9%
12.2%
5.6%

51

7.8 (5.6-9.9)

67.1%

70

7.0 (5.0-9.1)

67.3%

121

7.3 (5.7-8.9)

67.2%

High
25
3.8 (2.3-5.3)
32.9%
34
3.4 (2.3-4.6)
*Mean injury incidence reported per 1,000 on-legs training and game hours (95% confidence intervals).

32.7%

59

3.6 (2.7-4.5)

32.8%

Site
Thigh
Hip/Groin
Knee
Pelvis/Low Back
Ankle/Foot
Lower Leg

Injury Type

Severity
Moderate
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Table 3.7 Pre-season injury risk univariate regression for phase and each time period.
Pre-Season
Age

< 20 y
20-21 y
22-24 y (reference)
25-26 y
27+ y
OR = odds ratios; CI = confidence interval; y = years.
*p ≤ 0.05. Only significant variables presented.

N

% Injured

OR (95% CI)

35
30
60
28
26

31.4
16.7
35.0
39.3
42.3

0.9 (0.3-2.1)
0.4 (0.2-0.9)
1.0
1.2 (0.5-2.7)
1.4 (0.5-3.8)

p-value
0.73
0.04*
0.66
0.55
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Table 3.8 In-season injury risk univariate regression for phase and each time period.
N

% Injured

OR (95% CI)

p-value

In-Season
Early Pre-Season
Distance
Very Low
Low
Moderate (reference)
High
Very High

< 70 km
70 - 94
95 - 143
144 - 170
> 170 km

25
21
68
34
26

68.0
52.4
44.1
29.4
61.5

2.6 (1.0-6.3)
1.3 (0.5-3.3)
1.0
0.5 (0.2-1.2)
1.9 (0.9-4.4)

0.04*
0.54
0.14
0.13

Late Pre-Season
Distance
Very Low
Low
Moderate (reference)
High
Very High

< 108 km
108 - 124
125 - 164
165 - 184
> 184 km

19
13
96
34
17

82.4
53.8
45.7
47.1
23.5

5.4 (1.4-21.0)
1.8 (0.6-5.8)
1.0
0.9 (0.4-1.9)
0.5 (0.1-1.6)

0.02*
0.30
0.83
0.23

Late Pre-Season Sprint
Very Low
Low
Moderate (reference)
High
Very High

< 811 m
811 - 1329
1330 - 2490
2491 - 2950
> 2950 m

24
27
74
23
26

70.8
48.1
43.2
56.5
34.6

3.5 (1.3-9.4)
1.3 (0.5-3.1)
1.0
1.5 (0.6-3.9)
0.7 (0.3-1.7)

0.01*
0.63
0.40
0.39

Pre-Competition
Distance
Very Low
Low
Moderate (reference)
High
Very High

< 76 km
76 - 88
89 - 112
113 - 125
> 125 km

13
19
94
21
27

38.5
78.9
44.7
42.9
48.1

0.8 (0.2-2.9)
4.1 (1.3-12.8)
1.0
0.9 (0.4-2.0)
1.1 (0.4-2.7)

0.78
0.02*
0.75
0.86

Pre-Season Distance
Very Low
Low
Moderate (reference)
High
Very High

< 277 km
277 - 314
315 - 410
411 - 454
> 454 km

25
19
67
41
22

72.0
47.4
47.8
43.9
31.8

2.7 (1.1-6.7)
0.9 (0.4-2.4)
1.0
0.8 (0.4-1.7)
0.5 (0.2-1.4)

0.04*
0.88
0.57
0.20

Rounds 1-5
Pre-Competition
Distance
Very Low
Low
Moderate (reference)
High
Very High

< 76 km
76 - 88
89 - 112
113 - 125
> 125 km

13
19
94
21
27

0.0
31.6
9.6
9.5
22.2

0.0
2.7 (0.6-12.6)
1.0
0.8 (0.1-4.5)
3.7 (1.0-13.1)

0.00
0.18
0.78
0.05*

Late Pre-Season Sprint
Very Low
< 811 m
24
25.0
4.7 (1.2-19.2)
Low
811 - 1329
27
14.8
3.1 (0.7-13.4)
Moderate (reference)
1330 - 2490
74
9.5
1.0
High
2491 - 2950
23
17.4
3.0 (0.7-12.0)
Very High
> 2950 m
26
7.7
0.8 (0.2-2.9)
OR = odds ratio; CI = confidence interval; y = years; km = kilometers.
*p ≤ 0.05. Only significant variables are presented in table.

0.03*
0.12
0.12
0.73
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Table 4.3 Musculoskeletal screening test description and inter-rater (IR) reliability statistics.
Body Area
MST
Description
ICC
Assessed
Ankle
dorsiflexion
lunge
Adductor
squeeze

Sit and reach

Ankle range of
motion

Distance measured from big toe to wall
(cm) in each leg, asymmetry between
legs noted.

Strength calculated by maximal pressure
squeezed (mmHg) using a
Groin strength
sphygmomanometer placed between the
knees at 45 degrees hip flexion.
Measurement taken from tip of middle
Hamstring/lower
finger and distance recorded relative to
back flexibility
toe-line, to nearest 0.5cm.

SEMabsolute

% SEM

MDCabsolute

% MDC

0.99a

0.40a

4.0

1.1

11.1

0.80b

20b

7.4

55.4

20.5

0.97c

2.0c

37.0

5.4

102.7

ICC = Intraclass correlation coefficient; SEM = Standard error of measurement; MDC = Minimal detectable change
ICC and SEMabsolute taken from references below. %SEM, MDCabsolute, and % MDC calculated using methodology by Weird.
a) Bennell K, Talbot R, Wajswelner H, Techovanich W, Kelly D. Intra-rater and inter-rater reliability of a weight-bearing lunge measure of ankle
dorsiflexion. Australian Journal of Physiotherapy 1998; 44(3): 175-80.
b) Malliaras P, Hogan A, Nawrocki A, Crossley K, Schache A. Hip flexibility and strength measures: reliability and association with athletic groin pain.
British Journal of Sports Medicine 2009; 43: 739-44.
c) Gabbe BJ, Bennell KL, Wajswelner H, Finch CF. Reliability of common lower extremity musculoskeletal screening tests. Physical Therapy in Sport
2004; 5(2): 90-97.
d) Weir JP. Quantifying test-retest reliability using the intraclass correlation coefficient and the SEM. The Journal of Strength and Conditioning Research
2005; 19(1):231-40.
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Table 4.4 In-season workload averages across all seasons.
2012

2013
2014
Mean load per week (±SD)

2015

Combined

Distance (m)
1-week acute load
2-week chronic load
3-week chronic load
4-week chronic load

20219 ± 4582
39684 ± 7334
58777 ± 9947
77635 ± 12640

20119 ± 5321
39440 ± 8563
58446 ± 11680
77621 ± 14466

21709 ± 5170
42564 ± 8382
63259 ± 10985
83914 ± 13479

21080 ± 4286
41494 ± 7078
61715 ± 9973
81956 ± 12768

20780 ± 4886
40795 ± 7946
60549 ± 10832
80279 ± 13609

Acute:chronic workload ratio
Week-to-week change

1.06 ± 0.31
754 ± 6798

1.05 ± 0.30
798 ± 7850

1.05 ± 0.28
854 ± 7899

1.05 ± 0.26
666 ± 6754

1.05 ± 0.29
766 ± 7326

1-week acute load
2-week chronic load
3-week chronic load
4-week chronic load

353 ± 204
693 ± 344
1027 ± 471
1358 ± 601

342 ± 210
668 ± 346
988 ± 473
1306 ± 591

267 ± 158
520 ± 255
769 ± 338
1017 ± 412

239 ± 148
472 ± 247
702 ± 344
932 ± 435

300 ± 188
587 ± 316
871 ± 434
1152 ± 548

Acute:chronic workload ratio
Week-to-week change

1.06 ± 0.49
14 ± 227

1.07 ± 0.55
15 ± 258

1.06 ± 0.53
14 ± 195

1.06 ± 0.56
5 ± 175

1.06 ± 0.53
12 ± 216

1-week acute load
2-week chronic load
3-week chronic load
4-week chronic load

1229 ± 382
2408 ± 606
3556 ± 816
4695 ± 1023

1157 ± 410
2247 ± 649
3309 ± 895
4365 ± 1108

1225 ± 434
2393 ± 696
3535 ± 919
4665 ± 1128

1140 ± 396
2226 ± 654
3295 ± 908
4354 ± 1147

1187 ± 407
2318 ± 657
3423 ± 893
4519 ± 1113

Acute:chronic workload ratio
1.07 ± 0.34
Week-to-week change
49 ± 529
m = meters; AU = arbitrary unit; SD = standard deviation;
Acute:chronic workload ratio = 1 week/average 4 week values.

1.09 ± 0.40
67 ± 573

1.07 ± 0.38
57 ± 592

1.08 ± 0.39
53 ± 526

1.07 ± 0.38
56 ± 555

Sprint Distance (m)

On Legs sRPE (AU)
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Table 4.5 In-season subjective wellness averages across all seasons.
2012
2013
2014
Wellness Item
Mean score per week (±SD)
Fatigue
3.5 ± 0.6
3.6 ± 0.6
Sleep Quality
3.6 ± 0.7
3.6 ± 0.7
Muscle Soreness
3.4 ± 0.7
3.4 ± 0.7
Stress
3.6 ± 0.7
3.6 ± 0.6
Mood
3.6 ± 0.7
3.6 ± 0.6
Performance
3.3 ± 0.8
3.3 ± 0.8
Note: Wellness items reported on a 5 point Likert scale.

3.5 ± 0.6
3.7 ± 0.7
3.4 ± 0.6
3.6 ± 0.5
3.7 ± 0.5
3.3 ± 0.7

2015

Combined

3.5 ± 0.6
3.7 ± 0.6
3.4 ± 0.6
3.6 ± 0.5
3.6 ± 0.5
3.3 ± 0.7

3.5 ± 0.6
3.6 ± 0.7
3.4 ± 0.7
3.6 ± 0.6
3.6 ± 0.6
3.3 ± 0.7
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Extended statistical methodology
A mixed model GEE analysed the relationship between weekly data and injury in the
subsequent week, as these analyses can handle panel data (repeated individual
measures). This modeling design is supported by cohort studies7 11 17 and Level 1
evidence15 showing an association between workload and injury in the subsequent
week. Furthermore, investigating predictor variables (retrospective workload,
musculoskeletal screening, wellness scores) at the start of each week (Mondays)
provides practitioners with actionable information to mitigate risk for the subsequent
7 days. For injury risk (injury/no injury in subsequent week), a Poisson log-link
regression with robust error estimate, and exchangeable working correlation structure
(within the GEE model) was used.24 Then, IRR were calculated, determining which
predictor variables increased or decreased the risk of non-contact injury. Independent
(univariate) GEE regression models for each predictor variable determined those
associated with an increased or decreased injury risk throughout the in-season, not
accounting for other moderating12 or time invariant covariates (playing experience).
Expanding on previous research11 investigating subsets of data in workload-injury
relationships, an interaction effect between chronic workload and the ACWR was
entered into a multivariate model. Given the collinearity between cumulative 2-, 3-,
and 4-week chronic loads, 4-week chronic loads were chosen as the best cumulative
load predictor (as demonstrated by the highest AUC) for inclusion in multivariate
models. To simplify models, 4-week chronic load data was dichotomized by the
median score,11 to determine a below (low) and above (high) average 4-week chronic
workload. A high chronic load and moderate ACWR was defined as the reference
group. A final multivariate model then included significant non-workload related
predictors from univariate models. Adjusted IRR (adj-IRR) in the multivariate model
represent the risk whilst accounting for moderating12 effects of other variables.

All models (univariate and multivariate) produced a probabilistic injury model for
each data point. Then, ROC curves were used to assess the accuracy of predicted
probability from each model, with AUC comparisons for univariate and multivariate
models undertaken using the “jack-knife method” (a nonparametric estimate for
variance comparisons25), with Sidak correction to account for multiple comparisons.
Furthermore, to evaluate univariate and multivariate model ability to fit out-of-sample
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data, k-fold cross-validation with 10-folds was utilised. This procedure splits data
randomly into k partitions, then for each partition fits the specified model using the
other k-1 groups, using the resulting parameters to predict the dependent variable in
the unused group.26 For comparison, RMSE is reported where lower values and less
variability between k-folds indicate a better fit. All data analysis was performed in
Stata 12 (Stata 12 IC, StataCorp, USA). Significance occurred when an IRR 95% CI
did not cross 1.00. Injured players’ data for the weeks following injury were excluded
until they returned to main (full) training.
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Table 5.3. In-season workload averages across all seasons.
2014

2015
2016
Mean load per session (±SD)

Combined seasons

Very low
load

Very high
load

Distance (m)
1-week acute load
4-week chronic load
Acute:chronic workload ratio
Week-to-week change

22996 ± 5679
85816 ± 12841
1.08 ± 0.29
1 ± 45

23017 ± 5636
83925 ± 12387
1.10 ± 0.25
3 ± 47

22934 ± 4819
83756 ± 10643
1.10 ± 0.21
6 ± 42

22981 ± 5382
84482 ± 12004
1.09 ± 0.25
3 ± 45

< 18937
< 75141
< 0.93
-

> 26773
> 94187
> 1.26

1-week acute load
4-week chronic load
Acute:chronic workload ratio
Week-to-week change

282 ± 165
1038 ± 411
1.09 ± 0.51
-63 ± 516

256 ± 170
938 ± 448
1.10 ± 0.56
-116 ± 1143

253 ± 157
932 ± 412
1.08 ± 0.49
-38 ± 242

263 ± 164
969 ± 426
1.09 ± 0.52
-71 ± 733

< 118
< 599
< 0.66
-

> 391
> 1337
> 1.48

1-week acute load
4-week chronic load
Acute:chronic workload ratio
Week-to-week change

1279 ± 517
4669 ± 1164
1.11 ± 0.42
-17 ± 161

1199 ± 553
4335 ± 1183
1.11 ± 0.44
-32 ± 209

1205 ± 499
4460 ± 946
1.08 ± 0.39
-37 ± 252

1227 ± 524
4487 ± 1108
1.10 ± 0.41
-29 ± 212

< 703
< 3623
< 0.84
-

> 1526
> 5400
> 1.37
-

-

Sprint Distance (m)

-

On Legs sRPE (AU)

Max Velocity (km/h)
Session load
27.1 ± 3.2
26.9 ± 3.1
27.4 ± 3.0
27.1 ± 3.1
m = meters; AU = arbitrary unit; km/h = kilometers per hour; SD = standard deviation; Acute:chronic workload ratio = 1 week/average 4 week values.
Very low load = 1st quantile (lowest); Very high load = 5th quantile (highest).
On Legs sRPE= field session rating of perceived exertion.

-
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Table 5.4 Predictive features: High risk scenario exposures and non-contact injury risk.
High risk scenario

TIMEFRAME:
Sessions Exposed

Sensitivity

Specificity

EXPOSURE TO MAX SPEED
> 85 % individual max
LAST 8-WEEKS:
Very Low
0–8
0.42
0.76
Low
9
0.13
0.83
Most significant
Moderate
11 – 12 (ref)
0.05
0.80
High
13 – 15
0.22
0.74
Very High
> 15
0.18
0.86
> 85 % individual max
LAST 4-WEEKS:
Very Low
0–4
0.49
0.68
Low
5
0.11
0.83
Most practical
Moderate
6 (ref)
0.11
0.84
High
7–8
0.18
0.75
Very High
9 – 12
0.11
0.90
VERY LOW 4-WEEK CHRONIC
LOAD
Sprint distance chronic < 599 m
LAST 1-WEEK:
Low Risk
0 (ref)
0.50
0.24
High Risk
≥1
0.50
0.76
On Legs sRPE chronic < 3623 AU
LAST 1-WEEK:
Low Risk
< 2 (ref)
0.64
0.18
High Risk
≥2
0.36
0.82
Distance chronic < 75 141 m
LAST 1-WEEK:
Low Risk
0 (ref)
0.59
0.28
High Risk
≥1
0.41
0.72
VERY LOW 1-WEEK ACUTE LOAD
Sprint Distance < 118 m
LAST 1-WEEK:
Low Risk
0 (ref)
0.50
0.33
High Risk
≥1
0.50
0.67
VERY HIGH ACWR
On Legs sRPE > 1.37
LAST 2-WEEKS:
Low Risk
< 3 (ref)
0.79
0.11
High Risk
≥3
0.21
0.89
LARGE WEEK-TO-WEEK CHANGE
On Legs sRPE > 20%
LAST 2-WEEKS:
Low Risk
< 4 (ref)
0.78
0.10
High Risk
≥4
0.22
0.90
Distance > 30%
LAST 2-WEEKS:
Low Risk
< 3 (ref)
0.78
0.13
High Risk
≥3
0.22
0.87
ACWR = acute:chronic workload ratio; On Legs sRPE= field session rating of perceived exertion.
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Table 5.5. Univariate models: Hypothesized moderators and non-contact injury risk.
High risk scenario
PRE-SEASON LOAD EXPOSURE
Cumulative Distance
Very Low
Low
Moderate
High
Very High
Cumulative Sprint Distance
Very Low
Low
Moderate
High
Very High
Cumulative on-legs sRPE
Very Low
Low
Moderate
High
Very High
PLAYING EXPERIENCE
Very Low
Low
Moderate
High
Very High

Range

PPV
[%]

IRR (95% CI)

Absolute
Risk

AUC (95% CI)

0 - 324 km
324 – 364 km
364 - 393 km
393 – 434 km
> 444 km (ref)

0.76
1.05
0.62
0.86
0.77

0.93 (0.43- 1.98)
1.36 (0.60- 3.06)
0.85 (0.36- 2.01)
1.01 (0.48- 2.55)
1.00

-0.05%
0.24%
-0.19%
0.05%
-0.04%

0.55 (0.48-0.62)

0 - 2462 m
2462 – 3327 m
3327 - 4524 m
4524 – 5517 m
> 5517 m (ref)

1.11
1.05
0.81
0.57
0.50

2.17 (0.86- 5.52)
2.07 (0.80- 5.33)
1.59 (0.62- 4.09)
1.13 (0.42- 3.05)
1.00

0.30%
0.24%
0.00%
-0.24%
-0.31%

0.58 (0.51-0.65)

0 - 12429 AU
12429 – 14223 AU
14223 - 15984 AU
15984 – 17158 AU
> 17158 AU (ref)

0.74
1.20
0.92
0.42
0.78

0.93 (0.46- 1.90)
1.54 (0.78- 3.07)
1.25 (0.55- 2.84)
0.59 (0.19- 1.85)
1.00

-0.07%
0.39%
0.26%
-0.39%
-0.21%

0.59 (0.51-0.66)

1 - 2 years (ref)
3 - 4 years
5 - 7 years
8 - 9 years
> 10 years

0.72
0.73
0.68
0.71
1.08

1.00
1.00 (0.36 - 2.82)
0.96 (0.47 – 1.98)
1.03 (0.50 - 2.10)
1.51 (0.63 – 3.66)

-0.05%
-0.04%
-0.09%
-0.06%
0.31%

0.54 (0.46-0.62)

PPV = positive predictive value (injured cases/ total cases *100); IRR = incidence rate ratio; CI = confidence interval;
SD = standard deviation; AUC = area under curve; ref = reference category; ACWR = acute:chronic workload ratio;
On Legs sRPE= field session rating of perceived exertion.

