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KEY SOCCER ANALYTICS TRSK;
VALOING ACTIONS

MOST EXISTING SOCCER STATISTICS
VALOE ONLY ONE TYPE Of ACTION

DRIBBLE

~ OUR VAEP FRAMEWORK VALOES
m ALL ON-THE-BALL ACTIONS




KEY SOCCER ANALYTICS TRSK;
VALOING ACTIONS

VAEP CORRENTLY USES BLACK BOX PREDICTIVE MODELS

CDe -~ k2

THIS TALK: OSING INTERPRETARBLE PREDICTIVE MODELS
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PROFESSIONAL ANNOTATORS PRODUVCE
EVENT STREAM DATA Of SOCCER GAMES
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CHALLENGE:
EVENT STREAM DATA IS HARD TO ANALYZE

* VENDOR-SPECIFIC TERMINOLOGY (~ WYysco

ut
STATSBOMB
* USELESS EVENTS

opta
* DYNAMIC INFORMATION SNIPPETS 017 SON;
DICTIONARIE S

WDEEPLY";
{"NESTEDH:




SPADL 1S AN EVENT STREAM DATA FORMAT
DESIGNED TO fACILITATE DATA ANALYSIS

* UNIFIES EVENT DATA FROM VARIOUS VENDORS

* ON-THE-BALL ACTIONS ... EEmmewes
MEN (A EDEN HAZARD

* FIXED ATTRIBUTES TEAY: Il
RESOLT:; SUCCESS

BODYPART: FOOT

wyscout LA 2NN 36SEC
STATSBME B =53 y-1s
opta enp: [

CONVERTERS AVAILABLE AT;
HTTPS://SITHOR.CONML-KULEVDVEN/SOCCERACTION/
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https://github.com/ML-KULeuven/socceraction/

CHALLENGE: VALOING ACTIONS THAT
DO NOT DIRECTLY AFFECT THE SCORE

+- 1600 ACTIONS IN A GAME
MOST COMMON FINAL SCORE: Y - ©
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EXANPLE NON-SCORING ACTION:
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ACTION a; WOVES THE GAME fROM
STATE S;_1 TO STATE S;

V(a;) =V(S;) —V(Si-1)



VALDING ACTIONS BY ESTIMMATING PROBABILITIES

A GAME STATE S IS GOOD FOR TEAM T IF IT HAS
(D A HIGH SHORT-TERM PROBARBILITY OF TEAM T SCORING
(2 A SHORT-TERM PROBABILITY OF TEAM T

V(S) = Pscores(S,T) —

V(a;) =V(S;) —V(Si-1)
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TASK; ESTIMATE THE PROBABILITY Of TEAM T
SCORING AFTER GAME STATE S

). FEATURES

2. LABELS
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3. PROBABILISTIC CLASSIFIER



FEATORES THAT DESCRIBE GAME STATE S

A) SMPLE FEATURES CHE 2 - 0 "INV
- ACTION TYPE | _

- RESOLT
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TYPE: PASS
HENI3 S EDEN HAZARD
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RESULT:; SVOCCESS
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C) CONTEXT FEATURES IE X=53 Y=15

- GOAL DIFFERENCE END: =7u Y=ug8
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LABELS THAT CAPTURE THE LMITED
TEMPORAL INFLOENCE Of GAME STATE S

[ S PROBABLY RELATED
(s = 10 mnoTES LATER B s ) PROGASLY NOT

() IF TEAM T SCORES IN THE NEXT 10 ACTIONS

Scores(S,T) = +
\ O OTHERWISE




A SMPLIFIED SOMMARY Of
PROBABILISTIC CLASSIFIERS

NON-LINEAR
INTERPRETABLE o | ATIONSHIPS
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A SMPLIFIED SOMMARY Of
PROBABILISTIC CLASSIFIERS

NON-LINEAR
INTERPRETABLE o | ATIONSHIPS
LOGISTIC REGRESSION V X
XGROOST X V

GENERALIZED ADDITIVE MODELS \V V



GENERALIZED ADDITINE MODELS ARE A
GENERALIZATION OF LOGISTIC REGRESSION

TASK: PREDICT GOAL CHANCE |
OSING X.Y-LOCATION Yo G (-
. —p

LOG EGRE ”

GE(SCORES)) = O.04xX + OxY + C

GENERALIZED ADDITIVE MODEL.:
G(E(SCORESY) = FUXD + F2(YD + C



GENERALIZED ADDITIVE MODELS ARE A
GENERALIZATION OF LOGISTIC REGRESSION

TASK: PREDICT GOAL CHANCE 1
OS'NG X'Y“LOCATION Y [] - :f\/ (| - D
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EXPERIMENTAL SETOP (/2D

TASK: PREDICT CHANCE OF SCORING [ s

A GOAL AFTER GAME STATE 5
bl
ﬁ STATSBOMB

EVALOATION METRIC: NORMALIZED BRIER SCORE

DATA: PREMIER LEAGUE 201718 (TRAIND
PREMIER LEAGUE 201819 (TEST)




EXPERIMENTAL SETOP (2/2)

CANDIDATE PROBARBILISTIC CLASSIFIERS:
). LOGISTIC REGRESSION * INTERPRETABLE
2. GENERALIZED ADDITINE MODELS
3. XGROOST

E FE E SETS:

. X.Y (LOCATION ONLY>
2. TOP-10 BEST FEATORES 4 INTERPRETABLE

3. 15) FEATURES (ORIGINAL VAEP PAPERD



NORMALIZED BRIER SCORE PER
(CLASSIFIER, FEATURE SET>-COMBINATION

XY TOP-10 1S5) FEATURES

LOGISTIC REGRESSION 0.986 0.912 0.895

GENERALIZED ADDITINE

MODELS 0.964 0.86) 0.858

XGBOOST 0.a964 0.860 0.856



OUR PREDICTIVE MODEL SHOULD BE
INTERPRETABLE AND PERFORMANT

XY TOP-10 1S5) FEATURES

LOGISTIC REGRESSION 0.986 0.9%2 0.895

GENERALIZED ADDITINE

XGBOOST 0.860 0.856




INSPECTING OUR PREDICTIVE MODEL
WITH AN EXAMPLE GAME STATE (0D

@ Third-last action (pass)
— == Second-last action (dribble)

@ Last action (pass)

b @ I

P(SCORES) = 0.0Uu9

Score

4
2 -
0 -
2 7 e GAM
@ Example game state
_4 | | | |
0 50 100

Distance to the goal (meters)
at the end of the game state



INSPECTING OUR PREDICTIVE MODEL
WITH AN EXAMPLE GAME STATE (2/10)

@ Third-last action (pass)
— == Second-last action (dribble)

@ Last action (pass)

b @ I

P(SCORES) = 0.0Uu9

Score

4

5 @ Example game state
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Angle to the goal (radians)
at the end of the game state



INSPECTING OUR PREDICTIVE MODEL
WITH AN EXAMPLE GAME STATE (3,10

@ Third-last action (pass)

| === Second-last action (dribble) |
@ Last action (pass)
0 -
VORI
1
\
o |

Score

2 7 GAM
@ Example game state
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P(SCORES) = 0.0449 0 50 100
X-coordinate

at the end of the game state




INSPECTING OUR PREDICTIVE MODEL
WITH AN EXAMPLE GAME STATE /10D

4+
@ Example game state

@ Third-last action (pass) 5 s GAM
| === Second-last action (dribble)
@ Last action (pass) "
; \. S 5- - O
\
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-4

No Yes
Was the last action
successful?

P(SCORES) = 0.0Uu9



INSPECTING OUR PREDICTIVE MODEL
WITH AN EXAMPLE GAME STATE (5/10)

4
@ Example game state

@ Third-last action (pass) 5 s GAM
— == Second-last action (dribble)

@ Last action (pass)

IR URVURRNI

Score
o

No Yes
Was the last action
a foul?

P(SCORES) = 0.0Uu9



INSPECTING OUR PREDICTIVE MODEL
WITH AN EXAMPLE GAME STATE (6/10)

4

@ Example game state
@ Third-last action (pass) mm GAM

| === Second-last action (dribble) 2
@ Last action (pass) 0
= e B
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Goalscore difference
at the time of the game state

P(SCORES) = 0.0Uu9



INSPECTING OUR PREDICTIVE MODEL
WITH AN EXAMPLE GAME STATE (7.0

4

: m—— GAM
@ Third-last action (pass) 5 @ Example game state
| === Second-last action (dribble)
@ Last action (pass) o
: 0__‘_‘—,.'—-&__.'-
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P(SCORES) = 0.0449 0 0 O 10 20

Forward movement (meters)
of the last action



INSPECTING OUR PREDICTIVE MODEL
WITH AN EXAMPLE GAME STATE (8/10)

4
@ Third-last action (pass) 5 @ Example game state
| === Second-last action (dribble)
@ Last action (pass)
v
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-20 =10 0 10 20
Forward movement (meters)
of the second-last action

P(SCORES) = 0.0Uu9



INSPECTING OUR PREDICTIVE MODEL
WITH AN EXAMPLE GAME STATE (910

4 4
@ Third-last action (pass) 5 @ Example game state
| === Second-last action (dribble)
@ Last action (pass)
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Forward movement (meters)
of the third-last action

P(SCORES) = 0.0Uu9



INSPECTING OUR PREDICTIVE MODEL
WITH AN EXAMPLE GAME STATE (1010

@ Third-last action (pass)
— == Second-last action (dribble)

@ Last action (pass)

@ AN

P(SCORES) = 0.0Uu9

Score

4 4

5 @ Example game state

0 20 40 60
Time passed (s) between
the last and third-last action



ONLINE RESOURCES

HTTPS://SITHOR.COMML-KULEVDVEN/SOCCERACTION/
- PIP INSTALL SOCCERACTION

- EXAMPLE NOTERBOOKS DEMONSTRATING
SPADL. VAEP. AND XT WITH FREE STATSBOMB DATA

HTTPS://SITHOB.CONMICROSOF T/ANTERPRET

In [2]:

In [3]:

In [4]:

out[4]

In [5]:

out[5]

import socceraction.spadl as spadl
import socceraction.spadl.statsbomb as statsbomb

Set up the statsbombloader

# Use this i 1t to use the free public statsbomb data

free_open_data_remote = "https://rau.githubusercontent.com/statsbonb/open-data/master/data/"
SBL - statsbomb.StatsBombLoader(root=free_open_data_remote,getter="remote"

nLy

Select competitions to load and convert

# Vview all available comp ons
competitions = SBL.competitions()
set(competitions. competition_name)

{"FA Women's Super League”,
*FIFA World Cup',

‘la liga',

NHSL'

“Homen's Horld Cup"}

# Fifa world cup

selected_competitions = competitions[competitions.competition_name=="FIFA world Cup"]

selected_competitions

competition_id | season_id | country_name | competition_name | competition_gender | season_name | match_updat

2018-12-

2|43 3 International FIFA World Cup male 2018 16T23:09:16.1

3

- RECENT MPLEMENTATION Of GENERALIZED ADDITIVE MODELS


https://github.com/ML-KULeuven/socceraction/
https://github.com/microsoft/interpret

OOTLINE

). VALDING ACTIONS WITH SPADL AND VAEP
2. ESTIMATING GOAL-SCORING PROBARILITIES
3. EXPERIMENT

( EXTRA; EVALOUATION IN SOCCER ANALYTICS?



PROPER EVALOATION CAN BE AN
AFTERTHOUGHT IN SOCCER ANALYTICS

| AL THE MOopELS ARE CAREFULLLY TUNED AND CALIBRATED.

WE FOCUS NOT ON THE TECHNICAL DETANLS. BUT RATHER
THE POWER Of ... [N ANSWERING MANY /MPORTANT QUESTIONS
IN THE SOCCER ANALYTICS COMMUMNITY.”

WE SET THE PARAMETERS ... BASED ON DOMAIN KNOWLEDGE
AND AN EMPIRICAL ANALYSIS OF THE AVAILABLE DATA.



WHICH EVALOATION METRIC SHOOLD 1| OSE
FOR My PROBABILISTIC CLASSIFIER?

w85 00 o OO ¢

N
. 1 2
BRIER SCORE: % (p; — 1)

N
1
LOGARITHMIC LOSS: — » y;logpi + (1 — ;) log(1 — p;)



THE CHOICE Of EVALOATION METRIC DEPENDS
ON THE OSE CASE fOR THE MODEL OUTPUT

AUROCL:
RANKING , CLASSIFYING EXAMPLES

BRIER SCORE:
SOMMING , SUBTRACTING PREDICTED PROBABILITIES

LOGARITHMIC LOSS:
MOLTIPLYING s DINIDING PREDICTED PROBABILITIES

PEOPLE OfTEN GET THIS WRONG!



A BASELINE MAKES AN EVALOATION
METRIC MORE INTERPRETABLE

BASELINE AUROC = RANDOM GUESSING (50%>

A MODEL THAT ALWAYS PREDICTS
BASELINE BRIER SCORE = 1LE CLASS DISTRIBUTION

BRIER SCORE (MODEL)
BRIER SCORE (BASELINED

NORMALIZED BRIER SCORE (MODEL) =




CONCLODING THOUGHTS

BRIDGING THE GAP BETWEEN ACADEMIA AND SOCCER PEOPLE
IS NON-TRINIAL -> INTERPRETABLE MODELS CAN HELP

WHEN ESTIMATING PROBABILITIES:
TRY TO UONDERSTAND WHAT 1S HAPPENING
ONDER THE HOOD AND TEST YOUR ASSUMPTIONS

WHEN EVALOATING PREDICTIVE MODELS:
BE CAREFUL AND CONSIDER YOUR UVSE CRSE




