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Abstract This study utilized minimum number of demographic variables and first-semester GPA of students to
predict the final academic status of students at a vocational college in Seoul. The results from XGBoost and
LightGBM models revealed that these variables significantly impacted the prediction of students' dismissal.
This suggests that early academic performance could be an important indicator of potential academic dropout.
Additionally, the possibility that academic years required to award an associate degree at the vocational
college could influence the final academic status was confirmed, indicating that the duration of study is a
crucial factor in students' decisions to discontinue their studies. The study attempted to model without relying
on psychological, social, or economic factors, focusing solely on academic achievement. This is expected to

aid in the development of an early warning system for preventing academic dropout in the future.
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Table 1. Model-specific utilization variable

Variable Type Variable Name M2

Gender @)

Demographic Data (D) High School Affiliation ©)

School System O

Number of Subjects Enrolled (E1)

Major(Required/Select)
Elective (Required/Select)

Credit of Subjects Enrolled (E2)

Major(Required/Select)
Elective (Required/Select)

Number of Subjects Completed (C1)

Major(Required/Select)
Elective (Required/Select)

Credit of Subjects Completed (C2)

O|lO | oo |oolo=

Major(Required/Select)
Elective Required/Select

Score (S)

Major Average(Requried/Select)
Elective Average(Requried/Select)
Total Major Average O O
Total Elective Average
Total Average

Academic Status (A)

Current Academic Status [ ) [ )
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Fig. 1. Number of students about academic status by year
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