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Motivation

• NBA shifting to data-driven evaluation over traditional scouting

• Positional roles becoming fluid → need for performance-based archetypes

• Challenge: How to identify roles and synergy algorithmically?

• Clustering identifies similar players, however

• Does not capture how well they play together

• Objective:

• Detect player archetypes

• Model role-based compatibility



Framework Overview

• PCA: reduce dimensionality

• k-means++: player clustering

• Build weighted co-occurrence network

• Louvain: detect communities

• Choose best k using modularity frontier



Clustering (k-means++)

• Improves center initialization

• Reduces risk of local minima

• O(log k)-competitive cost

• Produces statistically stable archetypes



Weighted Networks

• Nodes = players, edges = co-occurrence strength

• Modularity: measure of community quality

• Higher Q = densely connected with same group 

and sparse with different groups



Louvain

• Louvain algorithm: Two phases.

1. Local modularity optimization

2. Community aggregation

• Guarantees non-decreasing modularity



Experiment Setup

• 2024–2025 NBA season data

• Split into 6 datasets:

• Scoring, Passing, Rebounding, Defense, Hustle, Clutch

• Tested multiple values of k

• Built weighted networks

• Applied Louvain and computed modularity



Results 

• Original paper: Q > 0.65

• My implementation: 𝑄 ≈ 0.54

• Still above 0.50 → meaningful 

clusters

• Possible reasons:

• No publicly available implementation

• Less dataset Consistency



Micro-Cluster Network

• Players clustered based on:

• Elite offensive role similarity detected

• High scoring volume

• Ball-handling + creation ability



Conclusion

• Clustering + network analysis = powerful roster construction tool

• Can help teams identify optimal lineups based on:

• Player Style

• Complementary roles

• Promising for future sports analytics applications

• Example: hockey players share positions but differ tactically
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