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Soccer is played by Exposes the players

Soccer Is regarded

4% of the world to physical and

as a high-intensity

population. (2014 physiological

sport.
FIFA Census) This Is demands.

over 320,000,000

Introduction April 25, 2024




Soccer Stats

Running longer (7-10
miles) per match

90+ minutes on the field

No micromanagement

Longer careers (avg age
INCreasing




INSPIRATION

INn the last decade, the number of studies about
machine learning algorithms applied to sports has

rapidly iIncreased.



AVERAGE AGE PER SEASON

26.97
26.0-
25.9
25.0 1

24.5 1

1992-93 1995-96 1998-99 2001-02 2004-05 2007-08 2010-11 2013—14 2016—17

Season



AVERAGE AGE PER POSITION

Average age

28 -

27 A

26 -

23 1

Center Back

27
26
25 1
24 -

1999-00

2011-12

Fullback

L N

1999-00

5011-12

26 #

29 -

24 -

Center Midfielder

g1
30 -
29 -
28 -
27 =
26 -

1999-00

2011-12

Goalkeeper

" gl

25

1999-00

2011-12

Forward

27 -

206"

o5 - /

24 -

1999-00 2011-12

Winger

20 -

24 - -/\/

20 -

1999-00 2011-12



PROBLEM
STATEMENT

Problem:

Soccer players continuously face a
risk of Injury which can lead to
major setbacks.

INnjuries in sports significantly
Impact the team performance and
club finances.




GOAL/SOLUTION

Solution:
Implement machine learning to

Improve predictive accuracy in these
Injuries. This will provide a guideline
describing a correct approach for

sports science predictions driven by

data.




Research Question

“What are the primary risk factors

INnfluencing soccer injuries, and to what

extent can machine learning algorithms
accurately forecast and mitigate them

using comprehensive player data?”



https://docs.google.com/spreadsheets/d/1DUF2isFWsqVSYhbaACYtbgcLi_YjDqpE3GLQIVgkKQg/edit#gid=69851113

CONNECTION TO SOCIAL
GOOD

* Proactively identify & mitigate injury

risks

 Enhance player well-being & overall

performance

* Long-term player retention

» Cross-sport applications




Relevant Literature

High accuracy using Assess Injury Risk in Elite

mMachine learning Youth Football Players
primarily limited by

sample size and time -ldentified acute vs overuse

e Injuries

—

constraints

@ April 25, 2024



Gaps in Literature

Limited
attention to
Injury
dynamics

‘o

INnsufficient
Mmultivariate
patterns

2¢°

|

Lack of
accurate/int
erpretable
models

Comprehensive
game data
 Time Played
» Home/away



Literature
Findings

Goal

Decision Trees & SVM
show high promise for
Improving predictive

accuracy.

_A

Aim to address these
gaps & develop more
robust multivariate injury

prediction models.

e




Theory

Data-driven
Approach:
Unravel intricate

Theoretical
Framework:

Player well-being & (e ®
injury occurrence patterns within

are influenced by a factors to enhance

complex factors. iINjury prediction
accuracy.



Hypothesis

Conceptual Variables:
Individual characteristics,
training intensity, workload,

and possible environmental
conditions.

Hyvpothesis:

Older players with a history of injuries and

higher training intensities will demonstrate an
Increased likelihood of injury.







2
g
\

b

ransfermarkt tracks detailed player stats to

' ¢
measure their estimated market value

* Provides comprehensive dataset of player game

and injury history




Data
Rrocessing

* Limited time, resources, and privacy constraints hinder acquiring granular

data for comprehensive analysis.

Quality Concerns:

» Datasets are iIncomplete with missing values (NaN), excluded
illness/surgery data, and sensitive information omitted, reducing

comprehensiveness.
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* INnjuries from * 98 Professional  From the years
over 1,500 male European 2009-2019

players teams




DATA FINDINGS




Most Occurring Injuries (Body

> ® Lower Limbs
Jpper Limbs

Head and Neck

® Trunk




Most Occurring Injuries (Type)

Fracture
110

Bruise/Haematoma
154

49% of Players experienced a

Sprain/Ligament Injury recurring injury

355

Muscle Tear/Strain
2497



VARIABLES/FEATURES \

Player History Injuries
 Age » Seasons played * INjury type
* Position « Number of Injuries * |NjuUry severity
» Height/Weight * Injury Reccurence

« BMI*(Body Mass Index)



Model

Selection
Gradient

Boosting
* Interpretability

* Variety of data types

 Parameter tuning

Error

& S

&

lterations




4 ANALYSIS A

Precision-recall
1.0 =
Curve
Recall: .79 | .
Highest Precision: 84%
e o l .
Accuracy: .80 0.8 A ~
.. K -,&Je?a?;e- F-;rgc-i si-o?w :-.-72 ----------------------------------

Precision: .8l

0.6
F1 Score: .69 c

. Q.

Baseline Accuracy: .72 0.4

0.2

Age, Club Net-Worth and

Reccurance were significant

0.0

0.0 0.2 0.4 0.6 0.8 1.0

Recall



Use of our project

~

BE CAREFUL

SAFETY
FIRST

" The current state of our project Is

customized for stakeholders in
mManagement and coaching roles,
enabling them to make decisions
related to player valuation and playing

time.



Potential Project Impact

Similar non-contact injuries among other athletes (cyclists and runners) could

also be predicted with minor adjustments.



Limitations and Drawbacks
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Lack of GPS & Training data
e INntensity

No environmental &
weather conditions

e Speed
P  Rain, Snow, Hot, Cold

» Strength



Plan of Action

« Teams to provide us with data during the off—season‘

(June) \

e Transition into a neural network model

o Complex Relationships

S Non-linear Relationships

O Scalability
» Share model with sports scientists/trainers to work on injury

prevention plans. (Strength, Flexibility, Rest)
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Additional
Refe rences » Player Strength based on age

* Age trends of players

 MLS Injury Data

e FIFA Census

e Transfermarkt.us



