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Abstract

Machine learning has become a popular technology in educational research and practice with emer-
gence of education informatization and the “Big Data” era. A considerable number of domestic and
international studies have focused on machine learning in supporting education, accumulating a
large amount of empirical research as well as reviews. Therefore, this study adopted PRISMA to
conduct a systematic literature review of 21 reviews on machine learning in education. It summa-
rized the application scenarios of machine learning in education, including educational data pre-
diction and automatic evaluation, and commonly used algorithms, including decision trees, artifi-
cial neural networks, support vector machines, Naive Bayes etc. This study proposed research trends
in the future, indicating that machine learning will employ more innovative algorithms in a wider
range of educational fields. The findings of this study could help to broaden the methods in educa-
tional research and provide support for teaching and learning.
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Figure 1. Domestic research situation
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Figure 2. Selection of included literature
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Table 4. Common algorithms
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