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ABSTRACT DATA The Goal: To move beyond .bleolc.k box predlctlpns and identify which specific metrics
the Random Forest model prioritizes when selecting tournament teams.

Data Source & Context
We use a historical NCAA dataset containing team performance metrics and tournament selection outcomes.

This project examines whether conference aware models improve NCAA selection predictions

because they capture real scheduling context or because they reproduce historical bias. Prior . Key Findings:
studies show conference classification remains predictive even after accounting for team quality. Key Relationship . The Power of NET: NET Rank is the dominant predictor, accounting for 59.3% of the
To explore this, we use conference as an explanatory feature and as an auditing dimension. We Teams with stronger performance (lower NET rank, higher win percentage, and stronger schedules) are model’s decision-making weight ’
compare models without conference information to those using one hot encodings, and target more likely to be selected. ' :
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egacy preterences, or both. conference is varied across models (excluded, one-hot, and target encoded) to evaluate whether it improves - .
prediction or introduces bias ( 5 ) P  The Quadrant Paradox: Specific Q1/Q2 Win Percentages showed near 0%
BUSINESS THE INVISIBLE WEIGHT OF importance, suggesting their value is already captured within the overall NET Rank.
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