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Remaining Time Prediction Methods Oriented to the Educational Process
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Abstract: Educational Process Mining (EPM) aims to mine, extract, utilize, analyze, and visualize educational process data, reveal teach-
ing activity patterns, optimize educational practices, and promote educational reform. At present, EPM only analyzes and restores the educa-
tional process from the perspective of control flow, lacking process analysis in the time dimension. To this end, based on deep learning, an ed-
ucational process oriented residual time prediction method (EPRT) is designed. Taking the course of designing a microprocessor system for stu-
dents’ online learning as an example, a bidirectional recurrent neural network (Bi—RNN) residual time prediction model is constructed based
on the characteristic information of students’ learning process, and attention mechanism is introduced to learn the weights of different events in
students’ education process. At the same time, in order to further improve the prediction effect of remaining time , an Educational Process Rep-
resentation Learning Method (EPRL) and an Educational Process Prediction Model Hierarchical Training Method (EPHTM) are proposed to
solve the problem of high—quality vector representation in student learning process events and poor prediction quality caused by the inability of
a single prediction model to take into account effective information. The experiment shows that the proposed method has an average prediction
accuracy improvement of about 60.1% compared to the basic method, and can effectively predict the remaining time of students’ learning pro-
cess in the education process, laying a good foundation for optimizing the education process, improving students’ learning experience, and as-
sisting in the scientific governance of teaching.
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Fig. 1 Three major scenarios for educational process mining: discov-
ery, compliance and enhancement
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Fig. 2 Framework for remaining time prediction methods in the educational process
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Fig.3 CBOW structure
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Fig. 4 Structure of dual GRU based on attention mechanism
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Fig.7 Experimental results of hierarchical training method for educational process prediction model
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