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Recent years, programming education is being promoted at various educational institutions, and program-
ming learners are increasing. However, individual instruction system is difficult and the number of non-credit
students increases due to the large number of classes. Furthermore, lessons are expected depending on the
degree of understanding. But it is difficult for teachers to grasp the degree of understanding of each student.
Also, students proceed to the next exercise with a poor understanding the content, and they can not get
the good score for the test. Therefore, by analyzing the training data in the class, we aim that teachers
can detect student failures quickly and can provide appropriate support to students who may not be able
to earn credits. In this research, we try to predict the score of the test using machine learning. We use the
data of the past 6 years X about 180 students in the LMS (Learning Management System) in programming
class as the training data. By identifying relationships and patterns between the data, and by setting useful
features in the target variables, we aim to attempt highly accurate prediction. Therefore, teachers can
detect students with a low level of understanding early and can take appropriate measures for them.
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