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ABSTRACT

The proportion of students dropping out of universities is increasing year by year, and they are trying to identify
risk factors and eliminate them in advance to prevent dropouts. However, there is a problem in the management of
students at risk of dropping out and the forecast is inaccurate because crisis students are managed through the
univariable analysis of specific risk factors. In this paper, we identify risk factors for university dropout and analyze
multivariables through machine learning method to predict university dropout. In addition, we derive the optimization
method by evaluation performance for various prediction methods and evaluate the correlation and contribution between
risk factors that cause university dropout.
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Table 2. Comparison of dropout rates by grade-related

variables
feature attending | dropout | ratio
071.0 under 659 9% 12.72
seore 1,0:2.0 under| 466 161 | 25.68
. 120730 under| 4,637 303 | 6.13
(cumulative)fs 0~ 0 \inder| 13048 | 200 | 217
4.0 over 2,675 59 2.16
071.0 under 278 164 | 37.10
score  |1.072.0 under| 900 175 | 1628
(previous |2.073.0 under| 4,871 235 | 460
semester) |3.074.0 under| 11,232 252 2.19
4.0 over 4204 83 1.94
0 20,500 759 | 357
academic 1 568 9% 14.46
warning 2 275 35 11.29
3 over 142 19 11.80
0 20,455 762 | 359
D F 1 603 51 730
subjects 2 205 42 17.00
3 over 222 54 19.57
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Table 3. Experimental group for performance evaluation

dataset | number explanation
Casel 11 All independent variables
Case2 10 Excluding cumulative grades
Excluding previous semester
Case3 10 grades
Excluding cumulative grades
Cased 9 and grades from the previous
semester
Academic warning, excluding
Cased 9 the number of DF courses
Only cumulative grades and
Caseb 2 grades from the previous
semester are used
) Gender, department, grade, admission
indepen-— | classification, academic warning, leave
dent of absence, address, cumulative grades,
grades from the previous semester,
variables | number of consultations, number of DF
courses
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Table 4. Metrics for performance evaluation

metric explanation
AUC the predictive performance of binary
classification based on the ROC curve
the ratio of the number of correct
CA answers to the total number of
predictions, including both positive and
negative
proportion of positives predicted by the
Precision| classifier among those that actually
have positive answers
Recall percentage of positive predictions that
are actually positive
Fl harmonic average index considering
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