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Abstract MBTI(Myer Briggs Type Indicator) is an effective personality type test to intuitively identify and
classify people's tendencies. Accordingly, there are active attempts to apply MBTI to the learning area, but
research on creating new learning types using MBTI is insufficient. Therefore, this paper examines the factors
that affect learning and implements new learning types MY,STI(MY, Study Type Indicator) by applying them to
a machine learning algorithm that has these characteristics. Data were collected by conducting a learning type
test made with Google Forms on 144 general people, and supervised learning was used during machine learning.
As a result, the accuracies of MY,STI were 0.933, 0.866, 0.844, and 0.733 for each learning method, learning
motivation, presence or absence of external stimulus, and learning time criteria, respectively.
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Table 5. Questions by category in the Learning Type test
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