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Abstract

Purpose : This study aims to identify key factors for predicting dropout risk at the university level and to provide a foundation
for policy development aimed at dropout prevention. This study explores the optimal machine learning algorithm by comparing the
performance of various algorithms using data on college students’ dropout risks.

Methods : We collected data on factors influencing dropout risk and propensity were collected from N University. The collected
data were applied to several machine learning algorithms, including random forest, decision tree, artificial neural network, logistic
regression, support vector machine (SVM), k-nearest neighbor (k-NN) classification, and Naive Bayes. The performance of these
models was compared and evaluated, with a focus on predictive validity and the identification of significant dropout factors through
the information gain index of machine learning.

Results : The binary logistic regression analysis showed that the year of the program, department, grades, and year of entry had
a statistically significant effect on the dropout risk. The performance of each machine learning algorithm showed that random forest
performed the best. The results showed that the relative importance of the predictor variables was highest for department, age, grade,
and residence, in the order of whether or not they matched the school location.

Conclusion : Machine learning-based prediction of dropout risk focuses on the early identification of students at risk. The types
and causes of dropout crises vary significantly among students. It is important to identify the types and causes of dropout crises
so that appropriate actions and support can be taken to remove risk factors and increase protective factors. The relative importance

of the factors affecting dropout risk found in this study will help guide educational prescriptions for preventing college student

dropout.
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. Test data

Categorical data
Male / Female
Continuous data
Continuous data

1: K city / 2: Other regions
Domestic / Foreigner

i
Family relationship maladjustment,
Education maladjustment, Major maladjustment, School

Year 2022 Semester 1

ar

Freshman / Sophomore / Junior / Senior

Academic Warning / Long-term absences
maladjustment, Learning difficulties (other)

b3
Year 2018~2021 Semester 1 & 2 : Training data,

A

H

Sex
Age
Entry year

Grade
Residence matches the school's location

Outcome
Programme Year
Departments
Nationality
Dropout type

Data properties for factor measurement in research models

Dependent
variable
Predictor
variable

Table 1.
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Table 2. General characteristics of study subjects (n= 2,744)
Characteristics Categories n (%)
Male 1,812 (66.03)
Sex

Female 932 (33.97)
Freshman 961 (35.02)
Sophomore 625 (22.78)

Grade -
Junior 603 (21.98)
Senior 555 (20.22)
Humanities and social sciences 459 (16.73)
Teacher series 112 (4.08)
Academic National sciences 730 (26.60)
disciplines Health sciences 328 (11.95)
Engineering 680 (24.78)
Arts and physical education 435 (15.85)

Residence matches the school's

K city

1,291 (47.05)

location Other regions 1,453 (52.95)
Nationality Domestic 1,966 (71.65)
Foreigner 778 (28.35)
Family relationship maladjustment 10 (.36)
Friendship maladjustment 15 (.55)
Other (military enlistment) 70 (2.55)
Other (post-return maladjustment) 12 (44)
Dropout type Other (living expenses) 193 (7.03)
Other (foreigners) 777 (28.32)
Other (illness. disability) 31 (1.13)
Other (employment) 52 (1.89)
Major inappropriateness 228 (8.30)
Poor learning 857 (31.23)
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Table 3. Results of binary logistic regression (N= 2,744)
[
Characteristics B SE Wald P OR L CIQS % CIUL I
Programme Year .64 .07 81.31 .000 1.891 1.65 2.17
Academic disciplines
Humanities & social sciences 1.20 27 19.22 .000 3312 1.94 5.66
Teacher series .69 .19 13.26 .000 1.986 1.37 2.87
National sciences 1.14 21 28.74 .000 3.138 2.07 4.77
Health sciences .07 21 11 737 1.072 72 1.60
Engineering -.88 28 9.72 .002 413 24 72
Grade -.65 .09 50.58 .000 522 44 .63
Gender (male) 11 .14 .60 438 1.112 .85 1.45
Age -.00 .01 12 731 .997 .98 1.02
Residence matc}'lglslattl:;:l )school's location 11 12 78 378 1111 88 1.40
Entry year -46 .05 72.82 .000 .635 .57 71
Nationality (domestic) -.05 17 .10 753 .949 .69 1.31
Constants -370.69 92.57 16.04 .000 .000

reference group*reference categories : academic disciplines*arts and physical education, gender*female, residence matches the school's

location*not matched, nationality*foreigner
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Table 4, Comparison of predictive model performance by machine learning algorithm on training data

Algorithm AUC CA F1 Precision Recall

k-NN .684 .858 815 816 .858

Tree .576 .830 816 .807 .830

SVM 763 818 .828 .843 818

Random Forest .996 963 961 .965 963

Neural Network 928 954 952 954 954

Naive Bayes .699 142 .035 .020 142

Logistic Regression .657 .854 793 768 .854
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