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DATA :

NCAA team-season dataset with: < Engineered pairwise features (team vs. team differences)

« Performance metrics « Reflects selection committee criteria

 Rankings « Supports ranking — seed mapping pipeline

« Strength of schedule (SOS) « Teams with stronger records and higher-quality wins (Quadrant 1)

Model Comparison Insight: Linear regression captures magnitude and scale, while logistic regression
captures likelihood and classification — each provides a different lens on team performance.

ABSTRACT

This project proposes a ranking-first view of NCAA tournament forecasting by asking whether within-
season learning-to-rank methods can improve both field identification and seed assignment. The idea
is closely aligned with recent selection-method research. Feldman's Powerwise framework
emphasizes transparent pairwise comparisons built from head-to-head results, common opponents,

- Ensemble / Combined Model Advantage: By integrating both models, the combined approach improves
overall ranking accuracy, reduces bias, and creates a more balanced, data-driven seeding framework

Overall Seed The overall rank assigned for the 68 teams selected to compete in the NCAA

Combined Model: True Rank vs. Ensemble Rank
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« Validation: Season-based (train past, test future)
« Seeding: Converted rankings into NCAA seeds (1-16)
« Tools: Python (Google Colab), Pandas, ML models

« NCAA tournament seeding is inconsistent and
opaque; a data-driven ranking approach may
Improve accuracy.

« Seeding affects outcomes, revenue, and fairness for
committees, teams, analysts, and fans.

« Challenges: Limited data, variable schedules, and
iIncomplete seeding labels.

True Rank (from Actual Overall Seed)

ANALYTICS
CHALLENGE

DEPLOYMENT & LIFECYCLE MANAGEMENT

This model can be used as a decision-support tool for the NCAA selection committee during
tournament seeding and team selection.

By combining multiple modeling approaches (linear and logistic regression), the system provides
more stable rankings than any single model alone.

Ranking-First NCAA Tournament Seeding Framework
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Research question: Can classification-type and regression-type models together improve the
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