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Empirical Research of Predictive Factors and Intervention Countermeasures of
Online Learning Performance on Big Data—-based Learning Analytics
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[Abstract] To Mine educational data by learning analytics will be helpful to discover the potential
value of the data and then transfer them into meaningful information, optimize learning process and
improve teaching effects, which becomes the common demands of teachers, students and educational
researchers. From the perspective of educational application of learning analytics, an intervention model
has been constructed based on tracing, accumulating and selecting the online learning behavior data in
Moodle, and using multiple regression to determine predictive factors affecting students” learning
performance. After that, this model is applied to teaching practice, and the learning behavior data
produced is analyzed by binary logistic regression. The validity of the model in learning activities,
knowledge acquisition etc. has been verified through questionnaire and interview. The results indicate that
through the intervention model, the students with learning crises can be identified. A timely warning sign
and personalized intervention can be helpful to enhance students” learning motivations, to cultivate their
learning perseverance and improve their quality of learning as well.

[Keywords] Big Data in Education; Learning Analytics; Warning; Intervention Countermeasures;

Personalized Learning
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