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Comparing the accuracy of data mining techniques in mining

educational data
Zainab Ghadiri Modarres; Neda Vahman; MohammadReza Ahmadzadeh

ABSTRACT

Educational data mining is research field that explore useful information from educational data. This field is
used by educational developers, students, teachers, parents and other educational researchers. One of the
objectives of educational data mining is to assess student performance. In this paper, we first present a brief
introduction to educational data mining. Next, we collect a survey in this field in recent years. After that in a
case study, we assess student’s final grades by using of data mining techniques such as neural network
techniques, clustering and decision tree. Finally, by presenting our results, we compare the accuracy of these
techniques.
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One-Sample Statistics

Std. Error
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