Machine Learning in Support of Student Success

Rachel Rucker, Vinh Dang (Ph.D.), Dipak Singh (Ph.D.) and Keith Hubbard (Ph.D.) | Stephen F. Austin State University

Our goal is to predict whether a student will finish the semester on academic probation by mid-term using university data.

Most of the data about student activity for a given semester was scattered throughout multiple databases Here, we tried to use the features that were gathered and
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Prediction
A student was labeled on probation if their semester GPA was less than 2.0.

There are very few students on probation compared to the large amount not on probation. This will cause
some problems.

Precision: Of all students that the model predicts will be on
probation, this proportion truly are on-probation.
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Improvements
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Table 2: Performance Metric Results with Sampling
VS

Number of Students
Number of Students

Sampling Approach Precision F1-Score
Over Sampling — Voting Classifier 0.363 0.593 0.451
Under Sampling — Voting Classifier 0.305 0.738 0.432
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