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Motivation behind this work 
 PhD student at UCL 

 SHARP Institute at UCL 

 Sports Health and Analytics Research Partnership 

 The work is part of a greater project 

 Tottenham Hotspur FC, PGA tour, in touch with other 
organizations as well 

 Integrating analytics into the processes of THFC 

 Injury prediction, prevention and recovery 

 

 



What will be discussed 
 Preliminary findings from this research 

 Insights from working in this area 

 Mainly practical/applied rather than theoretical 
issues, since applicability of the results is crucial 



Injuries 
 A common problem in every sport, including football 

 Injuries is the main factor that prevents elite players 
from not being able to train and play during the 
football season (Parry & Drust, 2006) 

 Elite football players get injured on average once per 
year (Junge & Dvorak, 2004) 

 Cost in money (Dvorak and Junge, 2000), tactical 
planning, quality of the team/wins, quality of the 
game/fans attending 



Injury recording 
 When a player is injured some variables are noted 

down according to recommendations from UEFA 

 152 cases 

 >18 age 

 

 

Parameter Description 

Age The age of a player 

Stage of season The stage of season (e.g. mid-season or off-

season) when the injury occurred 

Where Describes whether the injury took place in the 

training field or in the game 

Phase of play Describes the exact way that the injury 

happened (e.g. running or shooting) 

Injury Description of the injury without a specific 

diagnosis (e.g. bone injury or overuse) 

Type Describes whether the injury was due to 

overuse or it was an acute injury 

Injured side Describes whether the left or right side was 

injured 

Position The position of the player (e.g. forward) 

Body part injured Where the player was injured 

Reoccurrence Describes whether the same injury has 

happened to the same player in the past 

Days unavailable The main variable of interest in our model. It 

specifies how many days a player stayed out of 

play after his injury. 



Core concept 
 When a player gets injured, the coaching staff would 

ideally like to know when he can get back to play 

 Right now the only predictors are the medical team’s 
opinions based on vague indicators from studies 

 A more accurate estimate would help the coach to 
formulate a better plan 

 It could also validate the medics opinions 



Core concept (continued…) 
 This task requires lots of different pieces of 

information 

 Medical data 

 Training and performance data 

 Specialized tests data 

 Accurate recording of the injury 

 These are not yet available. Also, even when the 
protocols are established, there will be players (e.g. 
new signings) on whom there will be missing 
information 

 



Core concept (continued…) 
 Therefore, we can start by using what information is 

already available 

 Hence, we used the UEFA recordings 

 The expectations are low, since the information is 
extrinsic 

 However, some insights could be provided that can 
help us as we develop the system 



Design 
 Compare 3 popular machine learning methods for 

regression 

 Support vector machines 

 Gaussian processes 

 Neural networks 

 Goal 

 To see if this information can be of any use 

 To uncover any problems/issues 



Why machine learning? 
 Clearly, simple statistical methods were not enough 

 We tried 

 Generalized linear models 

 Mixed models 

 Got some interpretable results, but the complexity of 
the data suggests that the system is better suited for 
machine learning, if not now, definitely for the long 
term project 



Design (continued…) 
 Grid search 

 Neural network 

 Epochs, learning rate, momentum, hidden neurons 

 Support vector machine 

 Kernel, C, sigma, epsilon 

 Gaussian processes 

 Kernel, lengthscale 



Evaluation 
 20 rounds of 10-fold cross validation 

 RMSE was the optimization criterion 

 

 



Issues with evaluation 
 Data is severely skewed 

 RMSE might be deceptive 

 

 



Issues with evaluation 
(continued…) 
 RMSE can be deceptive, because errors on large values can severely 

affect its value 
 However, a large error with a large true underlying value, might not be 

as important as a medium error with a small underlying value 
 With larger underlying values lying further into the past, it is natural to 

assume that there will be more variability. Also the coach knows he has 
to change the tactics of the team 

 For less severe injuries, the main point of interest will probably be 
whether the player will be available in the next game 

 For injuries of average severity, the problem is whether the coach 
should change the tactical planning of the team 

 Also, the RMSE does not tell us if there is a problem with predicting 
specific types of injuries 

 We require additional measures and a more case by case inspection 
 



Issues with evaluation 
(continued…) 
 Correlation was used along with RMSE and graphs in 

order to remedy this problem 

 Example: 

 SVM trained on 80% of the data, RMSE->37.026 on test 

 Mean of the data, RMSE->39.255 on test 

 Might not seem significant, even before we conduct a 
test 

 



 



Issues with evaluation 
(continued…) 
 However 

 SVM correlation->0.49 

 Mean correlation->0.0 

 From that graph we get the information that the 
prediction error can be low for some injuries 

 The rest of the injuries might be problematic for a 
variety of reasons 
 Unique 

 Special cases (e.g. traumatic) 

 Zero-day injuries 

 



Results 
 
Method 

 
Parameters 

 
RMSE (test) 

 
Correlation 

(test) 

 
RMSE (total) 

 
SVM 

 
Polynomial 

kernel, degree=3, 
C=71, epsilon=1 

 
31.8717 +/- 0.882 

 
0.3565+/-0.066 

 
4.899 

 
Gaussian 

Process 

 
RBF kernel, 

lengthscale=7 

 
32.098+/- 0.846 

 
0.3934+/-0.0411 

 
5.795  

 
Neural Network 

 
Neurons=45, 

epochs=2500 
learning rate=0.4, 
momentum=0.2 

 
32.585 +/- 2.02 

 
0.3607+/-0.0672 

 
1.303 



Results (continued…) 
 Mean predictor : 35.92 

 P-value<0.01 for all three classifiers 

 Mean correlation: 0 

 P-value<0.01 for all three classifiers 

 No method seems to outperform any other method 



Discussion-conclusion 
 There is evidence that extrinsic information collected at 

the moment of injury according to the UEFA guidelines can 
be helpful when predicting the recovery time of football 
players after an injury 

 Therefore, this information should be part of the complete 
system 

 Based on graph inspection and discussion with experts, it 
seems that some injuries might not be predictable 

 E.g first time traumatic injuries 

 Further collaboration with experts will let us pin down 
injuries which are most amenable to this type of analysis 

 

 



Future research 
 Using a metric that is football relevant and conveys all the 

information needed for the coach: descriptive metric or objective 
function 

 Using already available knowledge from experts 

 Any machine learning system in professional football has to 
work with professionals, not try to replace them 

 Which injuries are trivial or difficult to predict? 

 Which injuries are practically impossible to predict? 

 Which other variables could work best with the already 
available ones 

 Which variables are most relevant 
 Medical variables, training variables, performance indicators 

 

 



Thank you for your time 
 


