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Performance Analysis & Data Science
(Seminar)

Two different studying tracks customised for students from
1. Computer Science and DSAI (M.Sc. 7 ECTS)

2. Sports Science (M.Sc. High-Performance Sports, 5 ECTS)
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130310 Performance Analysis and data-science
Chair for Sports Analytics, Saarland University

Please use the following subject for any email-communication ,Seminar: 130310 Performance Analysis
and data-science | [YOUR REQUEST]" at pascal.bauer@uni-saarland.de


https://www.lsf.uni-saarland.de/qisserver/rds?state=verpublish&status=init&vmfile=no&publishid=161091&moduleCall=webInfo&publishConfFile=webInfo&publishSubDir=veranstaltung
https://www.lsf.uni-saarland.de/qisserver/rds?state=verpublish&status=init&vmfile=no&publishid=161091&moduleCall=webInfo&publishConfFile=webInfo&publishSubDir=veranstaltung
https://www.lsf.uni-saarland.de/qisserver/rds?state=verpublish&status=init&vmfile=no&publishid=161091&moduleCall=webInfo&publishConfFile=webInfo&publishSubDir=veranstaltung
https://www.uni-saarland.de/fachrichtung/sportwissenschaft/arbeitsbereiche-forschung/sports-analytics-sportinformatik.html
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Performance Analysis & Data Science (PADS)

Study Semester
4

Cycle Duration
Annually 1 Sem.

Weekly Hrs ECTS Pts.
2 7 (CS, DSAI) / 5 (HPS)

Module Leader

Jun.-Prof. Dr. Pascal Bauer

Admission Prerequisites

* CS and DSAI students: Knowledge in programming (Python or R)

« HPS students: Statistics; Basic programming skills desirable

Assessments

Multiple Choice-tests, Presentation, Hands-On Project, (Project Submission)

Semester Workload

CS and DSAI students (7 ECTS): 210 hrs
e In-Person Attendance: 25 hrs

« Assignments/Projects: 185 hrs

HPS students (5 ECTS): 150 hrs
* In-Person Attendance: 25 hrs

» Assignments/Projects: 125 hrs

*CS Computer science, HPS High-Performance Sport
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Course Summary Il =

Performance Analysis & Data Science by Juni.-Prof. Dr. Pascal Bauer

This interdisciplinary course combines data science approaches with sport science knowledge. It is
particularly aimed at students with a programming background who are interested in data analytics in high
performance sport. For students from the CS department, a customised learning pathway will primarily
focus on the advancing and extending performance metrics in real-world applications, including more
sophisticated programming tasks and additional project work. Through lectures, presentations, and
practice-oriented analytical projects, students examine and further develop established performance metrics
across sports, such as Expected Goals and Strokes Gained with a focus on their practical relevance and
application.

Requirements: For CS students, knowledge in programming (Python or R) is required. For HPS students,
fundamental knowledge of statistics is required, and basic programming skills are highly desirable.

Capacity: 5-30
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Course Prerequisites il e

Prerequisite Skills

B Programming Experience in Python or R
_/ Basics in Statistics (and Data Science)

Mandatory
Recommended
Programme Course Prerequisites
M.Sc. Computer Science Basics in Coding (i.e. Programming 1-2)
AND
Statistics
M.Sc. Data Science and AND
Artificial Intelligence Data-Science Practical Project (e.g. Bachelor's Thesis)
B8 Ll 1 [RG ETUTE Advanced Statistics Programming & Data Analysis
Sports
Other Programs Advanced Statistics Courses Programming Courses

19.06.26 130310 Performance Analysis & Data Science




Course Summary—Learning Objectives I

 Critically evaluate physical, technical, and tactical performance across sports and understand established
key performance indicators across sports (e.g. Expected Goals, Strokes Gained, etc.)

 Critically assess methods and metrics for quantifying performance in sports

 Critically discuss complex concepts of performance analysis with practitioners

« Describe application areas (e.g., load management, scouting, game analysis) as well as established
professional fields and roles in high-performance sport (e.g., Head of Performance, Data Scientist, Data
Analyst, Video Analyst, Scout, etc.)

« With practical projects, students will learn to either

o apply standard data-science methods (e.g., clustering, classification, regression) to sports datasets using

programming Ianguages (e'g°' Python' R)' or *CS/DSAI students are required to accomplish
a data-science-related project

o create web-based interface applications or Bl-Dashboards, or

o conduct structured video analyses (e.g. opponent analysis or scouting) using sports data
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Task Description

Lecture

> Introduction to key
research topics and
standard datasets / data
collection in sports

> Overview of state-of-the-
art applications in sports
performance analysis

> Multiple-choice tests
after each seminar to test
students’ theoretical
knowledge

Presentation

» Comprehend methods
and metrics for
quantifying performance
In sports

> Discuss application areas
of established
performance indicators

> Discuss complex
concepts of performance
analysis with
practitioners

Hands-On Project

> Build usable metrics,

dashboards, and/or reports
using ready-to-use data
from elite sports

> Interdisciplinary and

applied collaboration
among students from
different backgrounds

> Develop skills in presenting

within a short time window

’--—

OOMm  UNIVERSITAT
"""uu"““ DES

U  SAARLANDES

--------------------------------

PrOJect Submission
. (for CS students taking 7 credlts)

________________________________

» Submit hands-on project
in a concise and
academic manner

> Train the ability to
condense complex ideas,
methodologies into
standardized academic
submissions

> Structured submission of
the project (presentation,
code, and report)

Task assignment & difficulty will match students’ backgrounds, with CS students receiving more advanced coding tasks.
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Semester Overview | o

T S " R

16.10.2026 Performance Analysis & Data Science—Introduction & Topic Assignments Pascal Bauer
23.10.2026 Introduction to Datasets, Reportings and Software; Hudl Guest Speak Pascal Bauer, TBD
30.10.2026 Expert Lecture—Performance Analysis & Data Science in Elite Sports TBD

06.11.2026 Student Presentations TBD

13.11.2026 Student Presentations TBD

20.11.2026 Student Presentations TBD

27.11.2026 Student Presentations TBD

04.12.2026 Student Presentations TBD

11.12.2026 Student Presentations TBD

18.12.2026 Student Presentations; Introduction to Hands-On Projects TBD

08.01.2027 Hands-On Session In-Class Project Development
15.01.2027 Hands-On Session In-Class Project Development
22.01.2027 Hands-On Session In-Class Project Development
29.01.2027 Hands-On Project Presentations All

05.02.2027 Semester Summary, Gradings & Course Evaluation All
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Hands-on Projects using Data from Elite Sports I

“» Option 1: Coding )
o ELO ranking using tennis data P pgthOﬂ R

o Expected goals using football event data

“ Option 2: Interactive Visualisation % Lovable
o Data-Storytelling by creating web-based o i
interface applications or Bl-dashboard Y tableau powersl

“* Option 3: Video Analysis (only for HPs students)

o Opponent analysis using tactical feeds QhUdISDOI’tSCOde

and video analysis tools
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Student Presentations Multiple-Choice Tests & Attendance

« 22 1-3 Students per group (depending on the number of students) « 22 Attendance counts: All sessions (excurion, reading group,

student presentations, hands-on sessions, delayed attendance,

* & 15 Minutes presentation + Q&A etc.) will be aggregated as one part of the grade.

« @ All group members must contribute into presenting . Bonus points: Attending “optional” sessions can earn you

« % Share presentations & documents with the lecturer and all additional credit.

students at least two days before the presentation « LU Be prepared: Come prepared for all presentations (not just

. our group's!) and engage actively in the sessions.
Hands-on Projects your group’s!) 9ag y

. » 7 Multiple-choice test: After each presentation, a 5-min quiz
« 28 2-4 Students per group (depending on the number of students) will test comprehension. The two lowest scores can be dropped.

»  Choose one task among:
o Coding (mandatory for CS and DSAIl students) [T
o Video Analysis Project Submission (for CS/DSAI students taking 7 ECTS)

o Dashboard Development * The submission should be based on students’ hands-on project

1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
i i
1

« 7 Hands-on sessions run in a Q&A format ] and be in a standard academic manner (e.g., posters containing
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1

. : : I ion, Methods, Results, Di i [ :
- E& present hands-on project results (10-min presentation) ntroduction, Methods, Results, and Discussion sections)

» %= Submit slides and other project outcomes (e.g., dashboard, » Code should be submitted in online repositories.

annotated videos)
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Grading Breakdown (CS/DSAI; 7-Credit Version) I

Student Presentations (25%)

» Evaluated on 9 equally weighted criteria (Preparation, Slides, Storyline, Style
of presentation, Question Answering, Scientific Evidence, Literature, Timing)

 Each criterion graded 0-100 points Final Grade Calculation
« Grades may vary within a group if individual performance stands out

. _ Score between 1 and 100 =
Multiple-Choice Tests & Attendance (20%)

« Up to 2 absences allowed; optional sessions (excursion session, reading
group) can be used as compensations

0.25 * Student Presentation
+ 0.2 * MC Tests & Attendance

« 2 lowest multiple-choice test results can be dropped (incl. non-attended)

 Each criterion graded 0-100 points + 0.25 * Hands-on Project

Hands-on Project (25%)

 Evaluated on objective criteria for each task, with task complexity considered

+ 0.3 * Final Paper

» Each criterion graded 0-100 points

~

Project Submission (30%) Translation to Grades

 Evaluated on equally weighted criteria depending on the submission format 10to 5.0
(e.g., posters will be evaluated according to visual Layout and design and U 10 O,
scientific content and rigor).
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Grading Breakdown (HPS; 5-Credit Version) I =

Student Presentations (40%)

» Evaluated on 9 equally weighted criteria (Preparation, Slides, Storyline, Style
of presentation, Question Answering, Scientific Evidence, Literature, Timing) Final Grade Calculation

 Each criterion graded 0-100 points

« Grades may vary within a group if individual performance stands out Score between 1 and 100 =

0.4 * Student Presentation

Multiple-Choice Tests & Attendance (20%) + 0.2 * MC Tests & Attendance

« Up to 2 absences allowed; optional sessions (excursion session, reading

group) can be used as compensations + 0.4 * Hands-on Project

« 2 lowest multiple-choice test results can be dropped (incl. non-attended)

~

» Each criterion graded 0-100 points

Translation to Grades

Hands-on Project (40%) 10 50
0 to S5,

 Evaluated on objective criteria for each task, with task complexity considered

 Each criterion graded 0-100 points
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Topics

1

8

9

Performance Quantification Metrics in Golf

Performance Quantification Metrics in Football
The Relative Roles of Skill and Chance in Sports
Objectivity and Quantification of Events and Tactical Patterns in Sport

Rating & Ranking Systems in Sports

Psychological Beliefs versus Statistical Evidence in Sports
(e.g. Hot Hand, Clutch Performance, Choking under Pressure)

Contextualised Physical-Tactical Performance in Football
Laterality Advantages in Sports

Data-Driven Talent Identification and Prediction in Sports

(Topics subject to further changes)
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Broadie, M. (2012); Fearing, D. et al (2011); Drappi, C, & Co TK, L. (2019)

Lignell E., et al (2020); Adams, M., et al (2023): Anzer, G, & Bauer, P.
(2021)

Getty, D, et al (2018) ; Lopez, M. J., et al (2018)

Low, B., et al (2021); Forcher, L., et al (2023); Forcher, L. et al (2024)

Leitner, C, et al (2010); Blog-Elo Ratings;
UdS Table Tennis Course Evaluation

Bar-Eli, M., et al (2006) ; Gilovich, T., et al (1985): Meffert, D., et al (2021)

Ju, W., et al (2023); Ju, W., et al (2022)

Grondin, S., et al (2024); Roberts, R., et al (2010)

El-Feel S., et al (2025); Jauhiainen, S., et al (2019); Barron, D. et al (2020)

Full reference lists can be found below

19.06.26 130310 Performance Analysis & Data Science



https://www.researchgate.net/publication/228167675_Assessing_Golfer_Performance_on_the_PGA_Tour
https://www.researchgate.net/publication/227378879_How_to_Catch_a_Tiger_Understanding_Putting_Performance_on_the_PGA_Tour
https://www.researchgate.net/publication/324735219_Predicting_golf_scores_at_the_shot_level
https://www.researchgate.net/publication/344350615_Analysis_of_goal_scoring_opportunities_in_elite_male_ice_hockey_in_relation_to_tactical_and_contextual_variables
https://dl.acm.org/doi/abs/10.1145/3606038.3616152
https://www.researchgate.net/publication/350465891_A_Goal_Scoring_Probability_Model_for_Shots_Based_on_Synchronized_Positional_and_Event_Data_in_Football_Soccer
https://www.researchgate.net/publication/350465891_A_Goal_Scoring_Probability_Model_for_Shots_Based_on_Synchronized_Positional_and_Event_Data_in_Football_Soccer
https://dspace.mit.edu/bitstream/handle/1721.1/119466/16m1102094.pdf
https://www.jstor.org/stable/26666161
https://www.researchgate.net/publication/351563169_The_porous_high-press_An_experimental_approach_investigating_tactical_behaviours_from_two_pressing_strategies_in_football
https://www.researchgate.net/publication/375640995_The_Success_Factors_of_Rest_Defense_in_Soccer_-A_Mixed-Methods_Approach_of_Expert_Interviews_Tracking_Data_and_Machine_Learning
https://pure.rug.nl/ws/portalfiles/portal/1055451766/The_keys_of_pressing_to_gain_the_ball_Characteristics_of_defensive_pressure_in_elite_soccer_using_tracking_data.pdf
https://www.sciencedirect.com/science/article/pii/S0169207009001459
https://dubstat.com/elo-ratings-the-ultimate-sports-ranking-system/
https://dubstat.com/elo-ratings-the-ultimate-sports-ranking-system/
https://dubstat.com/elo-ratings-the-ultimate-sports-ranking-system/
https://drive.google.com/file/d/1j4Cttv1dtkCdiDrkiyNA7j6-2YnMfK3q/view?usp=sharing
https://www.sciencedirect.com/science/article/pii/S1469029206000240?casa_token=fn8WgAbi2BQAAAAA:4RgXwTI7EHek1WDk5FF9xDYFmU20ODnz-ke6ChC2G02lOKbwpSlzH8vgFzgKN6Kq5tAuuAU9FA
https://www.sciencedirect.com/science/article/pii/S1469029206000240?casa_token=fn8WgAbi2BQAAAAA:4RgXwTI7EHek1WDk5FF9xDYFmU20ODnz-ke6ChC2G02lOKbwpSlzH8vgFzgKN6Kq5tAuuAU9FA
https://www.sciencedirect.com/science/article/pii/S1469029206000240?casa_token=fn8WgAbi2BQAAAAA:4RgXwTI7EHek1WDk5FF9xDYFmU20ODnz-ke6ChC2G02lOKbwpSlzH8vgFzgKN6Kq5tAuuAU9FA
https://www.sciencedirect.com/science/article/pii/0010028585900106
https://www.researchgate.net/publication/350789980_Towards_an_understanding_of_big_points_in_tennis_perspectives_of_coaches_professional_players_and_junior_players
https://www.researchgate.net/publication/360494871_Contextualised_high-intensity_running_profiles_of_elite_football_players_with_reference_to_general_and_specialised_tactical_roles
https://www.researchgate.net/publication/357351648_Contextualised_peak_periods_of_play_in_English_Premier_League_matches
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0294125
https://www.tandfonline.com/doi/full/10.1080/02640410903536467
https://ieeexplore.ieee.org/abstract/document/11216832
https://ieeexplore.ieee.org/abstract/document/11216832
https://ieeexplore.ieee.org/abstract/document/11216832
https://reference-global.com/article/10.2478/ijcss-2019-0021?tab=preview
https://www.tandfonline.com/doi/full/10.1080/02640414.2019.1708036

@O

Datasets il =
Video Footage

Event Data Tracking Data

I . l
) T | rpy— |
I I I . x/y coordinates of ball, players & referee I
| I - Derived from video footage, and/or I ’ '.
| ° Aggregated match summaries of I ] GPS/LPS systems > * 8 I
sports specific events I * >10 data points per second I
I . Low dimensional and easy to interpret I l I
| * Describe overall outcomes and I 3D Coordinates
| patterns | I |
Sl | | x/y/z coordinates of ball, players & referee |
« Derived mainly from video footage, and/or s L
| Play-by-Play I | LPS systems ; ; I
| L |
| Time-ordered sequence of individual \,\, I I Limb Tracking I
events f - :
[ T %y |
I - High temporal and contextual detail [] : OMEN (RS I - Detailed tracking data of players’ limbs and 2 ]
1 Enables dynamic and process-level 11 I joints l
analysis s I * Derived from video footage + computer I
| ] vision

Player Data: Age, Height, Handedness, Career Length, Career Win Percentages etc.
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Datasets (Number of Matches Available per Sport) e

/'® :,’i;;f s 7 7 HE
oY < ) i S - e
Match 3 3 3 3 3
¥| Summaries ~45K’ ~353K? ~14K> > 10K > 10K > 10K > 10K > 10K
o
@
Play-by-Play ~7136M7 ~18K? > 10K : >20K - ~2.1K* -
Video > 1M6 >100 >700 - 1288 50 : -
S| 2D Coordinates 326! : - - - - - _
§
18
S
=| 3D Coordinates 557 - - - - _ _ _
Limb-Tracking 52 1 - - - _ _

—We are dedicated to making more data resources available for students—

1 Provided via HudlStatsbomb: https://github.com/statsbomb/open-data | 2 Provided via Jeff Sackmans Github: https://github.com/JeffSackmann | 3 Provided via
https://developer.sportradar.com/getting-started/docs/get-started |4 Provided via https://cricsheet.org/ | 5 Provided via HBL: https://www.daikin-hbl.de/de/hbl/spielplan | 6 Provided via Hud|l

WyScout: https://www.hudl.com/en_gb/products/wyscout | 7 Provided via Bassek et al. 2025: https://www.nature.com/articles/s41597-025-04505-y | 8 Provided via Deutscher Volleyball Bund | 9
Provided via Fifa |



https://github.com/statsbomb/open-data
https://github.com/statsbomb/open-data
https://github.com/statsbomb/open-data
https://github.com/JeffSackmann
https://developer.sportradar.com/getting-started/docs/get-started
https://developer.sportradar.com/getting-started/docs/get-started
https://developer.sportradar.com/getting-started/docs/get-started
https://developer.sportradar.com/getting-started/docs/get-started
https://developer.sportradar.com/getting-started/docs/get-started
https://cricsheet.org/
https://www.daikin-hbl.de/de/hbl/spielplan
https://www.daikin-hbl.de/de/hbl/spielplan
https://www.daikin-hbl.de/de/hbl/spielplan
https://www.hudl.com/en_gb/products/wyscout
https://www.nature.com/articles/s41597-025-04505-y
https://www.nature.com/articles/s41597-025-04505-y
https://www.nature.com/articles/s41597-025-04505-y
https://www.nature.com/articles/s41597-025-04505-y
https://www.nature.com/articles/s41597-025-04505-y
https://www.nature.com/articles/s41597-025-04505-y
https://www.nature.com/articles/s41597-025-04505-y

@O

Topics & Materials Instructions i e

Every student or group of students must select one topic which they will prepare and present

at one of the ,student presentation” sessions.

Exemplary links and documents are provided with the topic as an introduction. For the

presentation we expect students to do their own literature research on the topic.

If not all topics will be covered by students, we are going to cover the sessions as teacher’s

presentation or in a reading group format.

All students are expected to prepare and/or follow each session (whether it is their topic or

not) so that they are able to answer MC-questions at the end of each session.

Students are more than welcome to come up with their own topics for presentations.

19.06.26 130310 Performance Analysis & Data Science
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GitHub Usage & Documentation Guidelines i

1. GitHub may be used for version control, collaboration, and code sharing throughout the seminar.
2. All repositories must clearly reflect individual and group contributions.
3. Each repository must include a README.md describing:
» Project goal and scope
« Data sources and preprocessing steps
« Code structure and usage instructions
4. Properly cite sources and licenses if any external code or templates are used.

5. Repositories must be accessible to instructors for review and evaluation
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Use of Large Language Models (e.g. ChatGPT) i =

1. The use of Large Language Models (LLMs), such as ChatGPT, is generally permitted within the scope
of this seminar. However, their use is subject to full transparency and proper documentation.

2. Any content that has been fully or partially generated with the help of LLMs must be clearly and
explicitly disclosed. This includes, but is not limited to:

« Textual content (e.g. written assignments, summaries, code, translations)

« Images or other visual material

« Brainstorming activities, idea generation, concept development, or structural suggestions
3. The documentation must at least specify:

» which tool was used (e.g. ChatGPT)

« for what purpose it was used (e.g. ideation, drafting text, image generation)

* to what extent the generated content was adopted, modified, or further developed

19.06.26 130310 Performance Analysis & Data Science
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ADVANCED

Desirable

e

Mandatog

Match Analysis

Sports Analytics

Coding/
Sports

Anaivi

Match
Analysis

BI-
Dashboard

Performance Analysis &
Data Science (PADS)

MASTER
Programming —r Mathematical Machine
& SIEUBIES & Statistics (or Learning (or

Data Analysis il equivalent) equivalent)

Statistics Programming DSAI Project
BACHELOR (Bachelor) | &I Seminar*

Computer Science Courses

Reading Group
Weekly online reading group where we discuss sports analytics literature
Open access for all sports analytics enthusiasts
English and no credits

Boxes with a red frame are teached by the chair of sports analytics *Sports Analytics Task
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References: Golf Performance Analysis: Strokes Gained o
and other Golf Performance Metrics (SG)

1. Pan, X., Soh, K.G., & Jaafar, W.M.W. (2026). Assessment of golf-specific skill performance: a systematic review, 3D visualization, and standardized testing
framework. European Journal of Applied Physiology.

2. Broadie, M. (2012). Assessing Golfer Performance on the PGA TOUR. Interfaces.

3. Fearing, D., Acimovic, J., & Graves, S. C. (2011). How to Catch a Tiger: Understanding Putting Performance on the PGA TOUR. Journal of Quantitative
Analysis in Sports.

4. Swartz, T. B. (2009). A New Handicapping System for Golf. Journal of Quantitative Analysis in Sports.

References: Finishing Ability (FV)

1. Baron, E., Sandholtz, N., Pleuler, D., & Chan, T. C. Y. (2023). Miss it like Messi: Extracting value from off-target shots in soccer. Journal of Quantitative
Analysis in Sports.

2. El-Feel, S., Samir, A., Abuzahra, M., & Sharaf, N. (2025, August). TalentVision Al: A Data-Driven Framework for Tactical Player Scouting and Team-Specific
Talent Discovery. In 2025 29th International Conference Information Visualisation (IV)

3. Spearman, W. (2018). Beyond expected goals. MIT Sloan Sports Analytics Conference Proceedings.
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References: Expected Goals in Team Sports (XG) I
1. Cefis, M., & Carpita, M. (2025). A new xG model for football analytics. Journal of the Operational Research Society.

2. Scholtes, A., & Karakus, O. (2024). Bayes-xG: Player and position correction on expected goals (xG) using Bayesian hierarchical approach. Frontiers in
Sports and Active Living.

3. Adams, M., David, A., Hesse, M., & Ruckert, U. (2023). Expected goals prediction in professional handball using synchronized event and positional
data. Proceedings of the 6th International Workshop on Multimedia Content Analysis in Sports.

4. Hewitt, J. H., & Karakus, O. (2023). A machine learning approach for player and position adjusted expected goals in football (soccer). Franklin Open.

5. Karim, H., & Marwane, L. (2023). The Kos angle, an optimizing parameter for football expected goals (xG) models. International Journal of Computer
Science in Sport.

6. Anzer, G, & Bauer, P. (2021). A goal scoring probability model for shots based on synchronized positional and event data in football (soccer). Frontiers
in Sports and Active Living.

7. Robberechts, P, & Davis, J. (2020). How data availability affects the ability to learn good xG models. In U. Brefeld, J. Davis, J. Van Haaren, & A.
Zimmermann (Eds.), Machine Learning and Data Mining for Sports Analytics. MLSA 2020. Communications in Computer and Information Science.

References: Finishing Ability (FV)

1. Baron, E., Sandholtz, N., Pleuler, D., & Chan, T. C. Y. (2023). Miss it like Messi: Extracting value from off-target shots in soccer. Journal of Quantitative
Analysis in Sports.

2. Gonzalez-Jarrin, P., Fernandez-Fernandez, J., Garcia-Lopez, J.,, & Garcia-Tormo, J. V. (2025). Finishing patterns and goalkeeper interventions: A
notational study of shot effectiveness in europe’s top football leagues. Applied Sciences.

3. Spearman, W. (2018). Beyond expected goals. MIT Sloan Sports Analytics Conference Proceedings.
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References: Expected Passes (XP) ] =

SAARLANDES

1. Takamido, R. Ota, J, & Nakamoto, H. (2025). PassAl: An explainable machine learning framework for predicting soccer pass outcomes using
multimodal match data. IEEE Access.

2. Rahimian, P, Kim, H., Schmid, M., & Toka, L. (2024). Pass Receiver and Outcome Prediction in Soccer Using Temporal Graph Networks. In U. Brefeld, J.
Davis, J. Van Haaren, & A. Zimmermann (Eds.), Machine Learning and Data Mining for Sports Analytics.

3. Robberechts, P, Van Roy, M., & Davis, J. (2023). Un-xPass: Measuring soccer player's creativity. Proceedings of the 29th ACM SIGKDD Conference on
Knowledge Discovery and Data Mining.

4. Anzer, G., & Bauer, P. (2022). Expected passes: Determining the difficulty of a pass in football (soccer) using spatio-temporal data. Data Mining and
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