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Motivation: why football + ML?
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● Football clubs increasingly collect event data: passes, shots, duels, tackles, locations, 

minutes.

● Raw event data is too detailed to interpret directly.

● ML can compress thousands of actions into player roles, team profiles, and predictive 

models.

● The project is not only prediction: it also tries to make the prediction interpretable.



Goal of the project
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● Build meaningful player archetypes from event data.

● Convert individual player profiles into team-level composition features.

● Predict team success using only team-composition information.

● Evaluate whether the model learns real signal beyond a simple baseline.

● Interpret which archetypes are associated with stronger teams.
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Data: what one raw row looks like
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● Each raw Wyscout row describes one football action.

● Examples: pass, shot, duel, foul, throw-in.

● Important fields: team, player, action type, minute, start x/y position.

● This is event-level data, not yet ML-ready.

● First challenge: convert many event rows into stable player-level statistics.
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Dataset overview
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● Final data contains 1,971 outfield player snapshots.
● A snapshot is a player-team-competition profile, not necessarily a whole-career identity.
● Players are clustered into 18 frozen outfield archetypes.
● Team modelling uses 114 team-composition rows, with 98 domestic model rows.
● This gives a sizable but still limited supervised dataset.
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Competition and role coverage
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● Data covers 7 competitions.
● Main domestic leagues are much larger than World Cup / Euro samples.
● Outfield roles are split into attackers, midfielders, and defenders.
● Role balance matters because comparing centre-backs and strikers directly would create misleading clusters.
● Therefore clustering is done in a role-aware way.
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Feature engineering
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● Event counts are converted to player features.

● Main features are per-90 rates: passes per90, shots per90, tackles per90, interceptions per90, goals per90.

● Also ratio features: pass accuracy, duel win rate, goal conversion, crossing intensity, shooting intensity.

● Features are standardized before clustering.

● Metadata leakage is avoided: names, teams, nationalities, positions, and success labels are not clustering features.
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Method overview
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● Step 1: Aggregate raw events into player snapshots.

● Step 2: Cluster players into archetypes using unsupervised learning.

● Step 3: Label clusters using high/low z-score features and player examples.

● Step 4: Aggregate teams into archetype minute shares.

● Step 5: Predict points per match using supervised regression.

● Some of the topics we used in these steps: preprocessing, clustering, PCA, cross-validation, regularization, 

ensemble models, and feature importance.
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Why clustering?
8

Pelle, Sebastian, Søren, Nicholas, Christian

● Football positions are too coarse: two “midfielders” can have very different roles.

● Clustering finds statistical player profiles from data rather than manually defining them.

● PCA projection shows that attackers, midfielders, and defenders occupy different regions.

● Named examples make the abstract clusters interpretable.

● PCA is only for visualization; clustering uses the full feature space.

11/06/2026



Why clustering?
9

Pelle, Sebastian, Søren, Nicholas, Christian

● Football positions are too coarse: two “midfielders” can have very different roles.

● Clustering finds statistical player profiles from data rather than manually defining them.

● PCA projection shows that attackers, midfielders, and defenders occupy different regions.

● Named examples make the abstract clusters interpretable.

● PCA is only for visualization; clustering uses the full feature space.

11/06/2026



18 archetypes centres
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● The model freezes 18 final archetypes.

● Archetypes are role-aware: attacking, midfield, and defensive profiles.

● Each centre represents a typical statistical profile.

● This creates a vocabulary for team construction: not just “players”, but “types of players”.

● Examples: possession fullback, creative inside forward, secure possession centre back, long-ball 

aerial stopper.
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Archetype feature matrix
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● Rows are archetypes; columns are football features.

● Red means above-average; blue means below-average, measured as standardized z-scores.

● This explains why each archetype received its name.

● Example: creative forwards have high shots/goals/creative activity; centre-backs have high 

clearances/interceptions/ball-winning.
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From players to teams
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● Each team is represented by archetype composition.

● Main team features are minute shares: how much playing time goes to each archetype.

● This is better than raw player names because it generalizes across teams and leagues.

● Example feature: “possession fullback minutes share”.

● Target variable: team success, mainly points per match.
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Supervised models used
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● Baseline: predict mean points per match.

● Ridge: linear model with L2 regularization.

● Elastic Net: linear model with L1 + L2 regularization.

● Random Forest: nonlinear ensemble of decision trees.

● Gradient Boosting: sequential tree ensemble focused on reducing errors.

● Validation: Leave-One-Competition-Out to test transfer across leagues.
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Why these methods?
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● Ridge/Elastic Net are interpretable and useful with many correlated features.

● Random Forest can capture nonlinear interactions between team-composition features.

● Gradient Boosting is a strong tabular-data method and often performs well on structured data.

● Mean baseline is essential: the ML model must beat “just predict average team success”.

● Leave-One-Competition-Out is stricter than random K-Fold because it tests generalization to unseen 

competitions.
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Main ML performance
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● All ML models beat the mean baseline on MAE.
● Baseline MAE is about 0.37 points per match.
● Best models reach about 0.28–0.29 MAE.
● Random Forest gives the strongest R², around 0.47.
● Interpretation: archetype composition explains meaningful variation, but far from all team success.
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Predicted vs. actual success
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● Each point is a team-competition row.

● Dashed line = perfect prediction.

● The model captures the broad trend: stronger teams often receive higher predicted points.

● But there are large residuals for some teams.

● This shows both the strength and limitation of the model.
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Validation against random target
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● To check if the model learned real structure, the target was permuted many times.
● Random-target models produce much worse R².
● Real model: R² ≈ 0.47.
● Permutation p-value is about 0.005.
● This supports that the model learns non-random signal, not just noise.
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What player types are associated with success?
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● Stronger teams have higher shares of possession-oriented and creative archetypes.

● Positive differences: secure possession centre backs, possession fullbacks, possession progressors, 

creative forwards.

● Weaker teams have relatively more long-ball aerial stoppers and conservative long-ball fullbacks.

● This is descriptive, not causal.

● The result suggests successful teams tend to control possession and progress the ball more.
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Feature importance and interpretation
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● Random Forest feature importance shows which composition features matter most for prediction.
● Possession fullback share is the largest feature.
● Possession progressor share is also highly important.
● This supports the pattern from the top-vs-bottom comparison.
● But feature importance is model sensitivity, not proof that adding such players would cause success.
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Discussion, limitations, conclusion
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● Main result: player archetypes can be learned from event data and used to predict team success.

● Best model beats baseline: MAE about 0.28 vs 0.37, R² about 0.47.

● Strength: interpretable ML pipeline from raw events to team-level predictions.

● Limitation: association, not causation; sample size is limited; no injuries, wages, coaching, schedule 

strength, or physical tracking data.

● Conclusion: ML gives a useful scouting/team-composition lens, but should support - not replace - 

football expertise.
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Appendix
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A1 Full repository structure
27

Pelle, Sebastian, Søren, Nicholas, Christian

● 01*: feature construction

● 02*: clustering and archetype freezing

● 03*: team success modelling

● 04*: squad templates / player matching

● 05*: goalkeeper and formation extensions

● 15*–21*: final plots and deliverables

● 99*: reproduction and audits

11/06/2026



A2 Full data lineage
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A3 Feature engineering details
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● Per-90 normalization: event counts were converted into rates per 90 minutes, so players with different playing time 

could be compared fairly.

● Rate features: examples include passes per90, shots per90, tackles per90, interceptions per90, goals per90, and 

clearances per90.

● Derived profile features: extra features such as pass accuracy, duel win rate, goal conversion, shooting intensity, 

crossing intensity, and creative activity were constructed.

● Missing values: missing or undefined values were filled using simple imputation, e.g. median values or zeros 

depending on the feature type.

● Minimum minutes filter: very low-minute player snapshots were removed to avoid unstable statistics from tiny 

samples.

● Outfield-only main story: goalkeepers were excluded from the main archetype model because their event profiles 

are structurally different from outfield players.

11/06/2026



A4 Leakage prevention
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● No player names in ML features

● No team success variables in input features

● No physical metadata in action-only clustering

● Outcome columns removed before supervised modelling
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A5 Clustering technical details
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● StandardScaler before clustering

● KMeans for attackers/midfielders

● GMM for defenders

● Subclusters selected using silhouette score and minimum-size constraints

● Final result: 18 frozen archetypes
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A6 PCA and dimensionality reduction
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• PCA is unsupervised dimensionality reduction: high-dimensional data = fewer informative axes.

• We first standardized the player-feature matrix X so all features contributed on comparable scales.

• PCA computes the covariance matrix of X and diagonalizes it into eigenvectors and eigenvalues.

• Eigenvectors define new orthogonal feature directions; eigenvalues rank how much variance each direction explains.

• PC1 and PC2 were used to plot player snapshots and archetype centres in 2D.

• The purpose was model inspection: checking whether learned archetypes correspond to meaningful football roles.

• Caveat: PCA is linear and only visualizes part of the information; clustering used the full feature representation.
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A7 Full archetype matrix
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● Same as earlier plot, but the other was a simplified version because this was a bit dense for 

presentation.
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A8 Formation role-slot fit
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● Here, a role-slot means a tactical position inside a formation, such as fullback, centre-back, defensive midfielder, winger or 

striker. The role-slot fit score measures how well our learned archetypes can fill the required roles in common formations. The 

4-2-3-1 and 4-3-3 fit best, but this is a tactical diagnostic, not a main prediction result
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A9 Squad template balance
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● Top teams compared with simple reference (the simple reference was just our assumption).
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A10 Auxiliary ROC check
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● AUC ≈ 0.90.
● But this is auxiliary because the main task is regression.
● It converts points per match into top-quartile classification.
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A11 The models/theory we used in short and 
evaluation metrics
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● Ridge: linear regression with L2 penalty.
● Elastic Net: L1 + L2 regularization.
● Random Forest: bagging of decorrelated decision trees.
● Gradient Boosting: additive trees trained sequentially.
● Cross-validation estimates generalization error.

● MAE: average absolute prediction error in points per match.
● RMSE: punishes large errors more.
● R²: fraction of variance explained relative to baseline.
● Permutation p-value: checks whether real target performs better than shuffled target.
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A12 Selected hyperparameters/reproducibility
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● Ridge alpha = 10.

● Elastic Net alpha = 0.02, l1_ratio = 0.35.

● Random Forest: 400 trees, min_samples_leaf = 3.

● Gradient Boosting: depth 2, learning rate 0.04, 150 estimators.

● Fixed random seed = 42 (of course!).
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A13 Challenges
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● Raw event data is messy and huge.

● Player roles are not fixed labels.

● Team success depends on many missing variables.

● Small supervised sample compared with number of features.

● Need to balance prediction and interpretability.
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A14 If we had more time
40

Pelle, Sebastian, Søren, Nicholas, Christian

● Add tracking data: speed, distance, pressing, spacing.

● Add multiple seasons.

● Add player market value / salary / age curves.

● Test causal questions with stronger design.

● Try graph neural networks for player networks.

● Use SHAP values for more robust interpretability.
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A14.2 Extra project
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● Our first attempt.

● Superliga project using match data to evaluate player in roles on the pitch and 

comparing to a team’s success. 
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Data Used
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● SuperLiga training data for 2021/2022, 2022/2023,  2023/2024, 2024/2025 
○ Train matches 772 

● Testing data for 2025/2026 
○ Test matches 192 

● Features



Feature example 

● Underneath is an example of what the data looks like for a single match(fixture_id) 
for all the players participating in that match. 
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Features
● 772 Matches: 

○ 2 teams 3 outcomes:  HomeWin, Draw and AwayWin

○ 2 formations: fx: 4-3-3,   4-4-2, 3-5-2……… 
■ Positions. fx: GK (Goalkeeper) with  assigned number 1. ST: 9, RW: 11

○ Individual player statistics 
■ Passes, Goals, duels, tackles, dripple attempts…. 

○ Weakness in data
■  Physical data is missing: sprints, total distance ran, max speed…etc 
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The Machine Learning in the data

• Using random forrest we average the last 
5 games and predict a team succes given 
the formula:

• Then it converts the features importance 
into contribution and then g_r  becomes a 
percentile C_i,r and the same is done for 
purely whether a player looks like certain 
player role F_i,r and gives them a final 
score of S_i,r, which is between 0 and 1
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On all players in the superliga
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The dream team from the Superliga
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A15 Optimisation
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● I was a bit unsure whether our appendix is graded on future or already done optimisation. 

So I will also give you the latter:

Feature filtering and cleaning

● Removed non-informative or leakage-prone columns such as player names, team 
names, labels, and target-related variables.

● Converted raw event counts into more comparable per-90 and rate features.

Standardisation before clustering

● Features were scaled before clustering so high-count variables like passes did not 
dominate smaller-scale variables like rates.

Role-aware clustering

● Players were separated into broad role groups before final archetype construction.
● This avoids clustering strikers directly against centre-backs when their statistical 

tasks are fundamentally different.

Choice of number of archetypes

● Tested different cluster configurations and selected a final interpretable set of 18 
frozen archetypes.

● The final number was chosen as a balance between detail and interpretability.

Model comparison

● Compared simple baseline, Ridge, Elastic Net, Random Forest, and Gradient Boosting.
● This makes it possible to see whether complexity actually improves performance.

Regularisation

● Ridge and Elastic Net were used to reduce overfitting with correlated team-composition 
features.

Cross-validation strategy

● Leave-One-Competition-Out validation tests whether the model generalizes across 
competitions, not just random splits.

Random Forest settings

● Used many trees and restrictions such as minimum leaf size to reduce variance and avoid 
overfitting.

Permutation/null validation

● Compared the real model to models trained on shuffled targets.
● This checks whether the performance is better than what could be achieved by random 

structure.
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A16 Project statement: Contribution balance for this 
project
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● We all contributed equally.
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