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1. Introduction 

Injuries are one of the biggest determinants of performance in sports. Injury to key players can cost 
teams millions of dollars in salary, lost revenue and can be the difference between competitive 
success or failure. Yet all too often, sporting teams take a siloed approach to injury detection, with 
individual teams attempting to discover those hidden variables and metrics that can accurately 
determine the risk of injury to particular players. 
The Injury Risk Mitigation System (IRMS) is a specialized analytical engine that utilizes common 
individual and team sports metrics to feed advanced pre-processing techniques and machine 
learning algorithms. These algorithms are tuned to make estimations of an individual's injury risk 
on any given day. IRMS can then be used to manage workload for individuals leading into events or 
as a more advanced day-by-day or week-by-week metric for injury risk. 
IRMS is designed in a way that allows multiple different input markers for injury to be utilized. The 
system can leverage other teams’ data anonymously, leading to deeper insights into the factors that 
contribute to injury. It is also designed to solve many of the existing problems, as well as previously 
unexplored problems that restrict injury risk mitigation. 
The system has been formulated in a manner that integrates into existing training workflows to 
provide a usable decision support system. 

 
1.1.      Why is there a need for IRMS? 
 
There are a number of studies which show that injury prediction is a non-linear complex problem. 

As such the task of injury prediction is best suited to machine learning techniques that can 

adequately describe the interaction between the complicated variables that factor into injury 

causei. IRMS seeks to give a far more detailed analysis than any one injury risk factor (Load, Injury 

History, RPE) can give in isolation. This is not a new problem; Acute Chronic Workload Ratio 

(ACWR) is a metric that seeks to give an estimate of injury risk, however ACWR and other similar 

metrics, fail to deliver useable precision and accuracy when used in isolation. IRMS stands ahead of 

what other frameworks have achieved in this space as it is designed specifically for this problem. 

Teams are collecting more data than ever before, though all too often this data is not leading to 

actionable results - indeed, sports science can end up being an exercise in data management. IRMS 

helps analyze this data to provide meaningful results that can be used to mitigate injury risk. 
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This paper seeks to validate whether:  

• Soft-tissue-injury risk can be accurately estimated utilizing commonly available metrics 

• Aggregation of de-identified data from multiple teams can improve performance 

• Day-to-day estimations for practical application are feasible 

This paper is based on two current Australian Rules Football (AFL) team’s data from 2012 to 2017 

with a range of input features was selected from a database of labelled injury data. Inputs included 

GPS data, previous injury history and player wellbeing metrics. A summary of the data used is 

outlined in Appendix A. 

1.2. A Common Story: 
 
The value of an effective injury risk management system can be easily quantified. The average 

Australian Rules footballer earns $15,000 per gameii. For each game a player is unavailable, the 

team loses $15,000 in performance value. If a system can prevent even 10 games lost through 

injury a year (the equivalent of 3 injuriesiii), this can mitigate value lost by $150,000. Clearly, such a 

system will provide considerable return on investment for a team. This is exacerbated when 

considering top end talent ($25,000+ per game), and in particular other sporting leagues, such as 

the EPL ($100,000+ per game).  
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2. Methods 

There are many problems to overcome in order to create an accurate risk management system. This 

paper will seek to describe some of the major difficulties that IRMS has been designed to overcome, 

as there is no other system we are aware of that has identified these limitations and discusses them 

in such detail. 

 
2.1. Alerte Digital Sports IRMS 
 
IRMS utilizes a combination of factors, including GPS volume 

metrics, injury history information and expected session 

intensities to calculate an injury risk factor. It uses a combination 

of features that convey more information than any one feature in 

isolation. These features are pre-processed to maximize 

information without leading to an excess of inputs into the 

system, ensuring that it generalizes to work on unforeseen data. 

 
 
 
 
2.2. Data: Time Series and Static Data 
 
The IRMS is built upon historical information in the form of daily time-series information such as 

GPS and RPE as well as static information such as injury history and age. 

In addition, associated with the time series and static information are injury events. This provides a 

labeled data set where the time series information and static information are associated with an 

injury or non-injury event throughout a season. 

For each injury it is then possible to analyze a window of data for each signal that leads up to an 

injury event or a non-injury event for each given day for each player. This provides the fundamental 

building blocks to build an AI application. Using this labelled dataset, the AI can be taught to 

recognize the pattern across many variables over a time period that are associated with and injury 

or non-injury event. 

If the system takes in a set of inputs and has been taught to recognize the training regime patterns 

associated with an injury or non-injury it could then predict the likelihood of these events in to the 

future given a future training plan. 

The IRMS is able to utilize historical time series information in conjunction with a future training 

plan to predict the likelihood of an injury. This transforms a classification problem in to a 

regression problem.  

Given the known historical inputs and the future training plan the AI determines whether the 

resulting signal is likely to be an injury or non-injury profile. 

 
  

Figure 1 - Simplified IRMS 
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2.3. Data Pre-Processing 
 
The pre-processing module exists as the following steps and undergoes a global optimization 
routine to determine the optimal configuration across each component of the pre-processing 
modules outlined below: 

 
• Data-sampling 

The purpose of this step is to generate a set window of data leading up to an injury and non-
injury event for the purpose of training the AI across multiple teams and players. 

 
• Normalization 

The optimization routine determines which from of normalization is used for the each of the 
time series dataset and static data set. A range of normalization processes are used such as 
Min Max, Box Cox Normality Plots, etc. 

 
• Pooling 

The pooling layer determines the optimal feature subset from the base normalized dataset. 
This is akin to a manual convolutional layer in order to reduce the dimensionality of the 
problem. This optimization routine determines the optimal pooling configuration in order 
to reduce initial dimensionality and narrow the search space for the neural network to 
determine the important features. 

 
• ANN Vector Aggregation 

Aggregation of the feature space is completed relative to the type of neural network utilized. 
The final state of the pre-processed data is determined by the type of Artificial Neural 
Network (ANN) utilized. Recurrent, Convolutional and Feedforward Neural Network 
configurations all utilize different feature set aggregations. 
 

• Balancing 
The majority class for this injury problem is a non-injury event as most days in a season a 
player will not be injured. Oversampling of the injury events, under sampling of the non-
injury event and synthetic minority oversampling technique (SMOTE) are used to address 
this issue.  
 
An important note to make is that the validation metrics do not use oversampled events as 
this will optimistically skew the performance metrics.  
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2.4 Modelling: Artificial Neural Networks 

 
2.4.1 Background 
 
The canonical approach to predicting injury risk in the literature has been linear regression. While 
suitable for simple models, linear regression is unable to capture the complex, non-linear interplay 
between multiple input features.  
Since we are attempting to model a very complex system; the human body, across many variables 
and signals, it requires a mechanism that can encapsulate the non-linear dynamics that describe the 
phenotype of a soft tissue injury across many locations of the body.  
Until now, a single linear method such as generalized estimation equations or logistic regression 
have been used to describe a specific injury at a specific location of the body. The reason for a 
constrained focus to a specific injury and location is to reduce the complexity of the problem 
resulting in a reasonable linear approximation.  
The linear nature of the modelling limits the ability of a model to represent a system. A model may 
be approximated so much so that it is no longer an accurate representation of the system. 
Preconceived features such as principal component analysis (PCA) and variance, commonly used in 
other methods such as decision trees, can limit the ability to accurately model a system as features 
at each node have to be assumed and the dependency between each feature in the hierarchy of 
decisions is also assumed. 
With this in mind Artificial Neural Networks are better suited to solving this problem due to their 
inherent characteristics. Artificial Neural Networks are ‘Universal Function Approximators’: they 
can model any type of function. With enough degrees of freedom, hidden layers and nodes, an ANN 
is able to approximate any non-linear piecewise function. This allows the system to be able to 
model very complex systems and form disjointed decision boundaries in a large dimension space.  
It stands to reason, that a set of linear models for a range of injury types and location on the body 
can be encapsulated in to a single neural network due to its ability to model piecewise non-linear 
systems. 
Additionally, this makes it possible for Artificial Neural Networks to model how different features 
relate to each other, as well as the features’ own non-linear behavior and can determine the 
independence or even co-dependence between features and variables. The ANN is able to develop 
higher order features organically rather than predefined assumed features. One specific example of 
assumed features would be a higher order feature such as moving average or variances from a set 
of numbers. 
An Artificial Neural Network will find features that are consistent in the training set. An ANN, if 
trained correctly, is able to discover patterns and/or combinations of patterns in the underlying 
signal that lead to increased injury risk. Analogous to this would be a human recognizing a cat as an 
abstract combination of features such as ears and whiskers, which by themselves are higher order 
features created from a combination lines and sub-features. This is contrasted to explicitly outlining 
the exact features of one specific cat.  
The issue with explicit modelling is that to be able to describe every possible cat explicitly requires 
are very large set of descriptions and conditions to describe a very complex set of patterns. Using 
an ANN, a complex model is developed via a data driven approach validated against an analytical 
understanding of injury occurrences during a season.  
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It should be noted that having too many degrees of freedom in a model can lend itself it overfitting. 
This puts an emphasis on the validation methodology that mitigates the risk of overfitting which is 
outlined later in this paper 
 
2.4.2 Artificial Neural Networks and Higher Order Features 
 
A common misconception is that using high resolution raw data across many variables results in a 

system is too complex to model to an outcome such as injury prediction. The common argument 

made is that there are too many combinations of variables to model all of them relating to a 

classification outcome.  

ANN’s are designed to handle such challenges. Convolutional neural networks for example are used 

in object detection in images is an appropriate analogy. An argument could be made that it is too 

complex to consider every single pixel, and combination of pixels in analyzing the presence of an 

object in an image. However, the convolutional nature reduces the dimensionality of the problem in 

to higher order features. For example, the first-order convolutional layer would detect edges (the 

differences between adjacent pixel values), where a second order feature through a second 

convolutional layer represents a combination of edges to form an object further reducing the 

dimensionality of the problem. Each convolutional layer is determined by the learning process, this 

replaces traditional dimensionality reduction techniques (PCA, moving averages) where 

assumptions are made in the dimensionality reduction operation rather than the convolutional 

weights and biases that determine the reduction operation which are configured by using a data 

driven approach. The following figure illustrates this application in computer vision. It should be 

noted that this example is used to illustrate the concept of higher order features and this modelling 

approach does not reflect the specific approach that Alerte Digital Sports has taken. 
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Figure 2 – How A Deep Neural Network Sees. 

“Unsupervised Learning of Hierarchical Representations with Convolutional Deep Belief Networks” ICML 

2009 & Comm. ACM 2011. Honglak Lee, Roger Grosse, Rajesh Ranganath, and Andrew Ng. 

 
Estimating an individual’s injury risk is not a simple problem and as such requires a powerful tool 

such as Artificial Neural Networks to model the complex problem. Conceptually, Alerte Digital 

Sports has taken a similar approach where the use of ANN’s allows the system to determine the 

important features, combination of features and variable dependence through a data driven 

approach. 

 
2.4.3 ANN Methodology 
 
The IRMS system utilizes a dynamic AI system which optimizes the form of the ANN. There are 
three types of ANN utilized within the IRMS system: 

• Feedforward Neural Networks (FFNN) 
• Recurrent Neural Networks (RNN) 
• Convolutional Neural Networks (CNN) 

 
Each have their benefits and limits. Factors such as data set size and input vector dimensions can 
influence the performance of each form of network. Since the IRMS is general and extendable, all 
forms of the model are considered converging to an optimal configuration through the optimization 
process by determining the optimal ANN from a global ensemble of models. Typically, the solution 
converges to FFNN for the application presented in this paper due to the relative dataset size for 
two teams. The shape and configuration of the input nodes is dependent on the input pre-
processing step which can take various forms in vector length as it iterates through its pre-
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processing optimization process. The output nodes are defined by the class under test, in this paper 
there is a binary output of soft tissue injury vs non-injury.  
 
The optimization process for the ANN uses standard backpropagation techniques. Further 
optimization to network configuration includes randomized node drop out and batch 
normalization. 

 
2.5 Injury Risk: Considerations in the Problem Formulation 
 
2.5.1 Difference Between Predicting Injury Risk and Predicting Injuries 
 
A distinction must be made between predicting injuries and predicting injury risks. Injuries are 

binary events - a player was either injured or not injured in a particular session. The task of 

accurately predicting whether a player will be injured in a given session is extremely difficult, as 

there are a multitude of factors that correspond to injury, many of which cannot be predicted nor 

measured. There is no way to know whether a healthy player will land awkwardly on a section of 

the field. Conversely, we cannot predict whether an at-risk player will be put in a situation that 

results in injury. Instead, we attempt to measure the injury risk of a player. Knowing an individual’s 

previous workload and with an understanding of their expected workload, what is the likelihood 

that the player will be injured? This changes the problem from a classification problem (will the 

player get injured?) to a regression problem (how likely is the player to get injured?). 

The accuracy of our model can then be judged by how left skewed our predictions are for injuries, 

versus how right skewed our predictions are for non-injuries. We would expect an accurate model 

to be left skewed for injuries (that is, the bulk of injuries occur when our model predicts a high 

injury risk). Similarly, the bulk of non-injuries occur when our model predicts low injury risk. The 

figure below illustrates an overlaid histogram for non-injury estimations in green and injury 

estimations in blue. It would be expected for an accurate model the bulk of the injury predictions 

will be loaded towards 1 being the likelihood of injury and vice versa for non-injury estimation. The 

Alerte Digital Health system outputs an injury risk estimation likelihood. 

 

  

Left and Right Skewed Risk Estimations
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2.5.2 Nuances in the Data: Hidden Bias and Player Well being 
 
Injury Detection attempts to predict injuries after a session has already been completed. Injury Risk 

Prediction on the other hand, attempts to predict injury risk prior to the commencement of a 
session. Injury Detection is a much easier problem to solve, however is of much less use in 

formulating training plans for players, because the value in predicting injuries is to prevent them 

from happening. 

 

2.5.2.1 Hidden Bias  
 
However, there are insights that can be gained from the 

date of injury when retrospectively analyzing injuries, 

specifically things that are not duration related nor 

intrinsically related to the presence of injury on that 

day. For example, knowing the expected intensity of the 

next session can help with predicting injury likelihood. 

All inputs into the system must be known a priori, this 

is why we cannot include total distance run on the day 

of injury. Methods of retaining this information without 

corrupting your training sets with factors of injury 

outcomes are very important in building a robust and 

useable model. 

 

2.5.2.2 Player Wellbeing 
 
Player well-being is a different concept to injury prediction, but arguably just as useful. Injury 

prediction looks at the risk of a player being injured in any particular session, whereas player well-

being assesses the health of that player in general. Player well-being can be thought of as the 

underlying signal that causes fluctuations in injury risks (two identical sessions will return a 

different injury risk dependent on the current player well-being).  

Nuances in the problem formulation of injury risk prediction such as player wellbeing and hidden 

bias from raw data from a game day that is an outcome of an injury rather an influencer are factors 

that are carefully considered in our approach to the problem, as well as how we represent our 

model’s accuracy and repeatability. 

  

Assume a player normally runs 10km on 
gameday. If the player is injured mid game, 
this may read as 4km. Using this as input is 
erroneous, as the shortened session is an 
outcome of the injury, rather than an 
influence on it. This erroneous behavior is 
often included in similar studies, and can 
easily skew results and real-world 
performance.  
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2.6. Validation: Train-Test Methodology 
 
All of the results presented are repeated K-Fold averages. K-Fold Validation is used to split the train 

and test sets before any pre-processing to ensure that no training data is leaked into the test set. 

Repeated tests are used to ensure the consistency (standard deviation of metrics) and performance 

(mean of metrics). As mentioned beforehand, the validation statistics avoids using any synthetically 

created samples. The validation is only done on real world samples and any SMOTE samples used in 

the training were not created from any samples used in the validation set.  

 
 
 
 
 
 
 
 
 
 
The key performance metric in our tests is the Receiver Operating Characteristic – Area Under 

Curve (AUC). This metric performs well on unbalanced data, and is essentially a rank of a models’ 

probability of detection (guessing the positive class, injury) and probability of false alarm 

(incorrectly guessing the positive class). This is preferred over F1 and error score which do not 

capture true accuracy for imbalanced sets, nor general model performance. An AUC of 0.5 

corresponds to completely random guessing, and AUC of 1.0 corresponds to perfect modelling. The 

closer the curve reaches the upper left-hand corner, the more likely a model guesses all injuries 

without incorrectly guessing non-injuries as injuries. 
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Figure 3 – Repeated K-Fold Methodology 

Figure 4 – ROC-AUC 
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3. Results 

IRMS is shown to perform better than any of the approaches currently documented in the 

literature, with AUC scores greater than 0.8 achieved in-season. On average, we see AUC scores of 

0.75 to 0.80 across an entire season. Given the positive trend of the results, we expect that with 

more data, ROC scores of 0.8 or greater can be achieved across the season. These numbers are 

based on predictive ability of the model, forecasting two weeks ahead and is meant to provide 

performance metrics of the system in a manner that simulates the usage of the system in the real 

world. 

 

3.2. Current Methods of Injury Risk Prediction 

 
Currently there are a broad range of soft tissue injury risk studies that link acute and chronic 

workload factors to injury risk prevalence. It has been shown to be consistently true for sports such 

as cricket, rugby league, AFL, soccer and many other team sportsiv,7. Acute Chronic Workload Ratio 

(ACWR) is a common metric amongst teams compiling GPS and RPE metrics on a session to session 

basis. The main drawback is the lack of accuracy and precision these metrics have in injury risk 

estimation. Other metrics, used in isolation, also lack the ability to capture player internal health. 

Utilising only ACWR injury risk estimates on our datasets, we achieved cross validated accuracy 

(ROC-AUC) of between 0.53-0.56 depending on the features(s) used: Odometer, High Speed Running, 

etc. Whilst this does show that there is a correlation between ACWR and injury, it is not statistically 

significant enough for use in an injury prediction tool. Other studies have reported AUCs up to 0.63 

when utilising GPS data to predict hamstring strain injuries in a given weekv. 

Other papers discuss research methods using 

Linear Regression models and Generalised 

Estimating Equations methods have been found 

to achieve results of between 0.6 - 0.76vi(AUC) 

utilizing a variety of features. Finally, it has been 

shown that on a weekly basis there is high 

correlation between ACWR, running load 

metrics and soft tissue injury prevalencevii. 

These cannot be directly compared due to the 

nature of weekly vs daily predictions    
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Figure 5 - Relative performance of similar risk metrics 
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3.3. Soft Tissue Injury Risk Profiling 
 
Over the course of one season, individuals 

generally enter and fall out of periods of 

elevated injury risk based on volume or 

other external factorsviii. Individual risk over 

a year is quite variable, as risk is determined 

significantly by an individual's previous 

exertions up until the current date, as well 

as what the individual is likely to perform 

on the date of prediction. By applying a 

moving average filter across the risk scores, 

it is seen that a player enters periods of 

exacerbated risk. Observing these periods is 

critical in player management, and can 

assist teams in managing players to 

maximize performance while minimizing 

injury risk. 

We can see that injury risk periods are aligned with periods of overload. When overload events 

(elevated DOMs and other soreness) are included in training, we see that these often lead into 

injury events, and as such increase the predictive accuracy of the models. The models have learned 

to incorporate these overload features and which generally results increase injury risk in the 

presence of repeated overload events as one might intuitively expect. 

  

Figure 6 - Injury risk build up into soft tissue injury 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Build up to Injury
Injury

Risk

7 Day
Ave.

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
Overload Buildup

Injury

Overload

Risk
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3.4. Aggregation of De-Identified Data 

 
3.4.1. Year to Year Analysis 
 
A model’s ability to correctly predict an outcome is linked with the amount of data that model has 
been trained on. As more data is utilized, we expect the model to better generalize about the factors 
that lead to elevated risk, and thus become a more accurate predictor. The usability of a model is 
tied to the amount of data required for it to converge. If it takes years of individual team data before 
a model provides useable results, then clearly such a model is of little value in a real-world 
environment. 
 
The following graphs show convergence of the model over time for different training scenarios. 
They all show convergence of error as use of the system continues. 

It is clear that the model converges quite rapidly, however there still seems to be an upwards trend, 

indicating that more data could be of benefit. More data also allows a richer feature set to be 

utilized and will allow for even greater model performance over time. Training with multiple teams 
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Figure 8 - Left: Team 1 in isolation.                                                    Figure 9 - Right: Team 2 in isolation. 
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leads to faster convergence - the model trains faster and more reliably than either team in isolation. 

This indicates that the model could benefit from both depth of data (number of years per team) and 

breadth of data (number of teams). A larger set of data across many teams will encapsulate more of 

the variety of injury trend profiles. The system will become more intelligent as more forms of 

injuries are introduced to the system. 

 

3.4.2. Team to Team Analysis 
 
Currently, each team generally has access to only its historical training and injury data. Teams with 

limited, poor or incomplete data will struggle to use that data to make accurate injury risk 

predictions. Even with teams that have access to a larger amount of data, it is a slow process to 

accumulate a representative set of historical injuries, given the relative infrequency of injury 

events. What’s more, once a certain amount of data is collected, performance improvement 

generally requires exponentially more data. It can take years for a single team to collect enough 

data to infer accurate and reliable injury risk scores. 

 

 

A key benefit to IRMS is the ability to leverage, in an anonymous way, data from different teams. 

While it might take multiple seasons to tailor a useable model for a team from scratch, the system 

shows that this process can be expedited by using data from a different team to hot-start a model.  

 

We assess the effect of training a model initially with data from both teams, versus training with 

data from one team. Initially, the model trained with both teams’ data performs much better at 

predicting injury for team 2 than the model trained on only team 2’s data. As time goes on, the 

difference between the two teams converges. 

Combining data across teams allows new teams to maximize their ability to predict injury risk, with 

no compromise to data security or sensitivity. A greater variety of injury profiles can be collected 

across many teams and training regimes. Given that using one other team’s data provides 

substantially better results than one team in isolation, the ability to combine data from multiple 
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teams, each with potentially subtle but important differences in their training regime, could 

potentially lead to interesting insights and a robust model.  

 
3.4. Day to Day Feasibility 
 

Injuries are related to a number of factors. The chance of injury, unlike a player’s well-being, is not a 

slow-moving constant across time. Most trainers will know that an individual has more chance of 

getting injured in game, as opposed to in training. This is likely due to a number of factors including 

volume/load, increased intensity and unpredictability. Similarly, there are differences with the time 

of year. In preseason for example, players are trained harder in order to build a solid foundation for 

the upcoming season. It is valuable to assess whether the models generated can recognize these 

differences and predict injury risk with these factors in mind. 
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4. Discussion 

4.1. Gameday vs Non Gameday 
 
Players are much more likely to be injured on gameday and therefore it is completely reasonable to 

expect any injury prediction model to have elevated likelihood of injury on gameday. A naive model 

that assigns a high probability of injury risk on gameday alone and a low probability risk of injury 

risk on non-gameday would perform relatively well. However, even though this model would 

achieve a better than random ROC (~0.6), it is obviously not useable as it offers no new insights to 

the user. 

For a model to be useable, it must learn to distinguish between those players who are at risk on 

game day and those who are not. To this end, it is possible to train a separate model which only 

considers injury risk on gameday. Specifically, the model is trained to detect non-contact soft tissue 

injuries. 

The results of such a model are seen below. We see that, as expected, injury risks for non-injuries 

are right-skewed, with a majority at low risk (< 0.1). This is true for both the learning and the test 

set. The injuries in the learning data are left-skewed, as expected. While there is some variability in 

the injuries of the test data, we still see a majority of injuries are above 0.4 (74%). Conversely, only 

19% of non-injuries are above 0.4.   
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Figure 12 - Left: Injury risk on weekends during the season. Right: As left however testing data 
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4.2. Pre-season vs In-Season 

 
We know that in season, a model should have inflated injury risk prediction on gameday, but what 

about preseason, when players don’t play any games? One way to analyze this is to look at model 

output across weekends for in-season and preseason periods, when games would normally occur. It 

is evident that during preseason periods, the model does not exhibit a left-skew. Figure 13 

illustrates that our models do not overfit to “weekend predictors”, if this were the case it would be 

expected that preseason injury risk would be skewed similar to in-season. The model is generally 

better at predicting in-season injuries than preseason injuries. This is likely due to a number of 

factors, such as: having more historical days to learn a player's current individual state, a lower 

volume of injuries in preseason to learn from, and/or that pre-season injuries are inherently harder 

to predict. While the model would ideally exhibit good prediction accuracy across the year, we 

believe a model which performs accurately in season (where the bulk of injuries occur) is 

preferable to the alternative. 

 

4.3. Predictive Ability of the Model 

While IRMS shows that the model works well on unseen historical data, in reality the model will use 

future data to predict injury risk. Team training patterns change from year to year, so it is plausible 

that a model that performed accurately one year will breakdown when tested against next year’s 

data. The following results are based on the performance of the system’s ability to predict in to the 

future with a model that has only used historical data. This is a crucial validation approach as this is 

how the system will be used in the real world. 

In practice, models can be updated as soon as new data is uploaded to the system. Provided that the 

team is rigorous with its data management, the model should never be more than one or two weeks 

out of date. For the purpose of this analysis, the model is re-trained every 2 weeks, then assessed on 
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the following 2 weeks of data, providing predictions for that 2-week block. The performance is then 

computed on backward-looking windows of these predictions (all days, 180 days, 90 days, 30 days).  

The system is able to forecast very well within season - April through to August/September (Figure 

15). In particular, performance seems to increase year on year, with all months between March and 

September scoring AUCs of greater than 0.7, except May (0.67). The model is thus most useable 

when the critical of injuries occur, giving a team an accurate and objective metric at a times when 

performance must be measured against injury risk. This would be critical during the end of the 

season approaching finals and championships.  

  

 
Figure 14 - Performance estimation methodology 
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5. Conclusion 

Using a trained artificial neural network, a robust model has been created to provide an injury risk 

score. This model has been scrutinized under common usage scenarios in which naïve models may 

perform poorly. As the output is a continuous score between 0 and 1, the result can be utilized by 

practitioners as a risk rating. The system is shown to improve over time which indicates it has not 

yet reached its peak potential. However, current performance is deemed accurate enough for 

practical application. An accurate injury risk metric can aid teams in minimizing soft tissue injuries, 

thus improving performance and player welfare. 

Alerte Digital Sport has developed a market leading injury mitigation system and demonstrated 

how it performs across a number of key areas. Injury mitigation is essential for any sporting team, 

and in this paper, we have summarized how IRMS can provide any team with accurate insights 

about which players need management to minimize their risk of injury - particularly in-season, 

when it matters most. 

Every team has a unique workflow and we understand that asking sports scientists to use a new 

product can be frustrating, and so the IRMS has been designed to be flexible and easy to use. IRMS 

can integrate seamlessly into your current workflow, using GPS and injury data that’s likely already 

being collected, to help you determine who is at risk. Let advanced algorithms analyze the wealth of 

information currently being collected to create results that lead to meaningful and actionable 

outcomes, helping teams to get the most out of their sports data. 
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Analysis of Datasets 

Appendix A 

 Team 1 Team 2 TOTAL 

Year Soft Tissue Hard Tissue Soft Tissue Hard Tissue  

2011 2 0 - - 2 

2012 20 32 - - 52 

2013 19 13 - - 32 

2014 28 38 24 25 115 

2015 25 14 20 21 80 

2016 22 21 21 18 82 

2017 13 3 7 2 25 

Table Error! Main Document Only. - Distribution of injuries by year 

 
In-Season Weekend Team 1 Team 2 TOTAL 

  Soft Tissue 
Hard 

Tissue 
Soft Tissue 

Hard 

Tissue 
 

Yes Yes 51 75 30 32 187 

No Yes   2 2 3 4 11 

Yes No 33 25 13 10 81 

No No 43 20 29 17 109 

Table Error! Main Document Only. - Distribution of injuries, in-season vs pre-season 

 

 


