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DKTwMF : A Deep Knowledge Tracing Model with Multiple Features
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Abstract: The purpose of knowledge tracking is to quantify the students’ ability of grasping knowledge by analyzing learning activities,
and then provide more targeted training for each student. With the passage of time, the learning data recorded in this system is increasing.
How to make full use of these data to provide students with personalized education is an important research direction in the field of educa-
tional data mining. Most of the existing models only consider knowledge points and answers related to student practice and do not make
full use of other data in the data set. In order to solve the above problems, we present a multi —feature knowledge tracking model,
DKTwMF. Firstly,the model uses the neighborhood mutual information and random forest to select the features,and then encodes the
multi feature data. Finally,deep learning is used to model student knowledge. This model can automatically extract the important features
of the data set,reduce the number of training parameters,and ensure the model can converge to the global optimal,so as to evaluate the
students’ skill state more accurately.
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