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Catalog Description

This course centers on the identification, exploration, and description of new patterns contained within data sets using appropriate software. Selected topics will be chosen from data exploration, classification, cluster analysis, and model evaluation and comparison.


Student Learning Outcomes
1. Examine raw data in order to detect data quality issues and interesting subsets or features contained within the data.
1. Transform raw data into a form appropriate for modeling.
1. Select and train appropriate models using the transformed data.
1. Measure the effectiveness of each model.
1. Draw appropriate conclusions.
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