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Performance Comparison of Machine Learning based Prediction Models
for University Students Dropout

Seok-Bong Jeong * Du-Yon Kim'

The increase in the dropout rate of college students nationwide has a serious negative impact on universities
and society as well as individual students. In order to proactive identify students at risk of dropout, this study
built a decision tree, random forest, logistic regression, and deep learning-based dropout prediction model using
academic data that can be easily obtained from each university’s academic management system. Their performances
were subsequently analyzed and compared. The analysis revealed that while the logistic regression-based prediction
model exhibited the highest recall rate, its f-1 value and ROC-AUC (Receiver Operating Characteristic - Area
Under the Curve) value were comparatively lower. On the other hand, the random forest-based prediction model
demonstrated superior performance across all other metrics except recall value. In addition, in order to assess
model performance over distinct prediction periods, we divided these periods into short-term (within one semester),
medium-term (within two semesters), and long-term (within three semesters). The results underscored that the
long-term prediction yielded the highest predictive efficacy. Through this study, each university is expected to
be able to identify students who are expected to be dropped out early, reduce the dropout rate through intensive
management, and further contribute to the stabilization of university finances.
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Table 1. Data partitioning for training and test

. # of students
ta set
data sef period %)
trainin the first semester of 2018~ 19,402
© | the first semester of 2019 (75.9%)
6,165
test the second semester of 2019 (24.1%)

4 H]&-2 Table 29t 2t} o]l & Al 1=
2 @A A} <l Aol 1817] oo ojgd vl&
3.68%, 28t7] 9 335t7] ojujo] o= Hl&S 747}
7.02%, 10.48%0] a3tk

Table 2. Dropout students

# of students who
data set drop within | drop within | drop within
1 semester 2 semesters | 3 semesters
trainin 681 1,412 2018
& (3.51%) (7.278%) (10.40%)
test 259 430 662
(4.20%) (6.97%) (10.74%)
940 1,842 2,630
total
(3.68%) (7.20%) (10.48%)
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Table 3. Variables

variables description
GENDER male or female
AGE age in the corresponding year

MILITARY_SERVICE

military service status (completion, unfinished, exemption, female student)

RESIDENTIAL _TYPE

whether the student lives in dormitory

DORMITORY_PERIOD

period (# of semesters) during the student has lived in the dormitory

ENROLLED_PERIOD

the student’s enrollment period (# of semesters)

CHANGE_MAJOR

whether the student has changed one’s major

STATUS current academic status (in school or leave of absence)
NUM_ABSENCE the # of semester during leave of absence
LATEST_ABSENCE the last periods of leave of absence
AVG_CREDITS average # of credits for each semester

TAKEN_CREDITS

total earned credits during enrollment period

COURSE_MAJOR

credits earned in major for the latest semester

COURSE_LIBERAL

credits earned in liberal art for the latest semester

AVG _GRADE average grade for each semester
GRADE grades for the latest semester
GRADE MAJOR major grades for the latest semester

GRADE LIBERAL

liberal art grades for the latest semester

AVG_COUNSELING

average # of counselings with the adviser for each semester

LATEST _COUNSELING

# of counselings with the adviser for the latest semester

AVG_ATTENDANCE

average attendance rate for each semester

ATTENDANCE

average attendance rate for the latest semester

ENTERANCE_SCHOLARSHIP

admission scholarship amount

AVG_SCHOLARSHIP

average scholarship amount for each semester

SCHOLARSHIP scholarship amount for the latest semester
DROPOUT 1 whether the student will drop out within following semester
DROPOUT 2 whether the student will drop out within following 2 semesters
DROPOUT 3 whether the student will drop out within following 3 semesters

ob&# Hlo|EE Sl RUR T ERE E3le]o]

(Synthetic Minority Over-Sampling Technique)&

l“]xl A4 o] TRt gofoll FEA Z-8HaL ek g eHBEY 7WE B8kl o5 HolHY S g
& d7lA= DT, RF, LR 7]9te] &Hllo] 7 wto] g AE 55 SAAA 2D 750 ARSIt Chawla
o] Alo]Zl P (scikit-learn 1.2.2) gfo]|H#E]E, DL 7] et. al., 2002)
Hho] ke "I E2 tensorflow 2.10.0) 2ho]E e g E3F F2E ZF mdo] A8 Hrisia kY 7k As
2 Apgatol past S v)in - BA5}7] 9sto] vAlefd Hoke] Bl 4
3HH Table 20]4] E20] B 1L2] oy HEQ] 7 5 B7} 3] ¥ (accuracy), AUk (precision), A
5 Sk g2 Y] vlEo] HoK3~10% Uie)) F5Ha F&(recall) B f1-gh(fl-value)S ARE3IRICE S50
o] W (class) 7ol =G TEE etk vAalHY o) ZH HFE 08, T g ¢ DA 1(FE 2
wopoll A ol2fRt E¥ & &t FAl(class imbalance 2SI oS RO o aﬁi Table 49} 22 24}

problem)E sj23}7] ¢igt duk

BE o] u& B3] 9T 4B 7S
Z1o]ti(Stjepan et. al., 2019). &

[ 22 BEEINERIISEEIEISN

Aol W S 7

S ABHE gk et 2o A,

Ao A= SMOTE

3 H(confusion matrix)°] FoIHS o 2+ A& X



Table 4. Confusion matrix
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Table 5. Performance of DT-based Model

predicted class 0: normal | class 1: dropout

actual

True Negative False Positive

(TN) (FP)

class 0: normal

False Negative True Positive

class 1: dropout
P (FN) (TP)

- Aste = (IN+ TP)/(TN+ FP+ FN+ TP)

- A% = 7P/(FP+ TP)

- ANHE& = TP/ (FN+ 1P)

-3k = @xGEEXARE)/(RE+ADE)

CEo] Bf BU 710 Ak HZE Wol AMSE:
ROC=+X(receiver operating characteristic curve)2] AUC
(area under curve)®= | ARESHC} AUC= FPR(false
positive rate)& x=5, TPR(true positive rate)S y&O.2
Astarl Hdo] 455 ROC Aoz yehfiar 71 W
A& AAReE grolth
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A 2(class )E o &sh= Ao] Fa7 BEojA= A
deo] Ta%t At 2 4 Qv T 2 oy
S 2X(negative) . & ZE o= HH 0|59 gt
o 71315 WA =7] wizolck &3 ko s
e AU A4 (trade-off) 7} Q171 ool
5= X3 Bzt fl-gholy AUCE Fa3t ou|&
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TOR 7] 5331 Ollﬂoﬂ T g2 o) A M
011;]. vl 13}
B ot &

2g(DT-based Model)2]

o gl Tt alwr.

DROPOUT 1 | DROPOUT 2 | DROPOUT 3
accuracy 0.9186 0.9084 0.8874
precision 0.1093 0.3699 0.4778
recall 0.1313 0.4465 0.5196
fl-value 0.1193 0.4046 0.4978
AUC 0.5419 0.6947 0.7259

Ay ZYAE 7)HEO] o= R E)(RF-based Model) 2]
452 Table 69 AA|E0] ot 24 Eg] 7|uke] =g
W v = A71(3817] o) H5 Al 7HE w2 Ad
&, f1-3 2 AUC g5 HolaL glom, AvHAQl e
AR E 7|Nke] mElEh 943 Z1e geld 4 Qlok

Table 6. Performance of RF-based Model

DROPOUT _1 | DROPOUT 2 | DROPOUT _3
accuracy 0.9492 0.9401 0.9268
precision 0.2353 0.6027 0.7269
recall 0.0927 0.4163 0.5106
fl-value 0.133 0.4924 0.5998
AUC 0.7718 0.8782 0.8807

2oz ZX|AE 39 7|4k o= HE)(LR-based
Model)2] Al'5©| Table 7| AJA|Eo] tt. LR-based
Model 7% A] Sluldo] 17 £791%)feature scaling)

e Agsiach WA A9y PHos mza)
(standard normalization)®} %} (min-max normalization)
£ o] ARg3l=d], Table 7ol B} &2 o= 52
Hol #E3} 7S A8 Et*‘—l ‘&5 AABHAH:
LR 79k =elle] Q&0 35 F7] o5 sl &7
of|Z W} TA3H 210](0.02%p) = =AYL f1-3h A7)
ool B A ERETL 9IEkS.39%p)

Table 7. Performance of LR-based Model

DROPOUT 1 | DROPOUT 2 | DROPOUT 3
accuracy 0.8394 0.8209 0.8071
precision 0.1434 0.2278 0.3111
recall 0.5676 0.6558 0.6556
fl-value 0.229 0.3381 0.422
AUC 0.7826 0.8396 0.8352

HM32E HMus 20234 12



ojx|uko 2 Table 8o Held 7|uke] Fw gt o2
Y(DL-based Model)2] A5H7} AE A A5k

Table 8. Performance of DL-based Model

DROPOUT _1 | DROPOUT 2 | DROPOUT 3
accuracy 0.9421 0.9377 0.9226
precision 0.1938 0.5697 0.7051
recall 0.1197 0.4372 0.4804
fl-value 0.148 0.4947 0.5714
AUC 0.7427 0.8485 0.8304
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Fig. 1. Architecture of DL-based Model

Table 8oj|A] 2 50| DL-based Modelof| A% 3317] 0]
Well &= B=(DROPOUT 3)& o538k WHdlo] 7H
& Ade 2 fl-gS Kol Slth

ShH QbA] AlEet nE HUELS ARPH o o= 7|
7] ZoJHa5 22 o A5 B ol E B
9o Fo) & g sisAo] A0 APEE shiSol
5% 24 ofgrel 20| ot HHlH o2 ojgels 7
e Helth= AR AYE o Qlok E3F et S
M ol ES AFHOE AP RN T o
gZ e AIZHA 7135 EEE 4 9SS Yuigit

WA 53 HA50 AeS Hlaet A7t Fig 2.9
AX = o] QU Fig 2.9] A¥k= DROPOUT 35 $51

[ 24 EEEINEEIEIZN

2 o 7} BEo] Jeg Hjagt Ao

Fig. 204 H3zo] 7] o5l Slof, Y EHAE
7RE e AdES AlLfRt BE A AR grol 7t
B AR e 3e2 20 £ Seih whE
g} Ldlof s AjdEo] d5o] w2 ZALE 9 7|
g e AU gl f1gko] 7 Holde &

-

o1l AOE HUT 4 gk B H Qe B
Yo 7Jute] o3 mEe FE gt dSoii act
A & A4S Holx] itk ol A2 kagele(htps:/
fwww kaggle.com) 5 Al H3le] FFak dlole]
o] B BA0A QAR Z]ue] mekSo) ey ) &
Wit & A5 Holw gtk AT AuEI,

E DT WRF ®WLR mDL

0.8
0.7
0.6
0.
2 DRI
0.3 -
f1 auc

accuracy precision recall

[

'S

Fig. 2. Comparison of prediction models

SR L D T
o Agegoo] ofgk FHTL YA HaL, o]t ol 8
RS AP Belol e Ado] FYElolol 3L ofn]
 meb 7 ojstol BAF AR Y o A4Ug

efstol, EUSE AU ot Aiglel BAT AP
WS st Gk 2A2E 87 7Y o

Wol AP Ao, BG4 chu] £LHe BeIS
shiAt ghchd AY mAAE S B ARGk 2
o] vlgkajsteti sk



4, A8
EH AJLoAs AEZAE 7Hte g 25 ggho] 9]
< gkt Fd thaeo 71 Atels g, disto]

BT S ALEle) AR ARE TR A
8 P FE g ol UL AT, 0|2 9]

o vilehd golold EdAl Lt A4 =2, 4
TorE, 2A2E 37 /9wl A2 9ol A
S geld 7] BEe FEskn T 4SS v -
A9

wa 2s 2A2e o9 A o5 mdo] Hag
Sl 78 ol A58 H91on, R8-S Asle

ol mE Asold @E BAE A mulo] 7y
$: T S48 o2 7100] el V2 4

tlo

ﬂo}fﬁ Xl* 7%?& +9
Sh=d| E%Ol 2 o= 7|gidr

g, o] AFtolMe B 7] ARt Aol EAjRIT
Al 2 AT Adke AEH‘*EJ glofefol] =gteof
o] thgRt diskE9) dRe taslrol= A Slck
E3F glolE 9 Rlaoll A Ayt Alofo s Qlsf AR
8% Wy 7Rk AEEkA] 3Rk ' AR A
"ot Hzo] 2o 2E e 7Rk LEET Al
22 waled 71l izt Brks &AM HEA
E‘E‘]— H Ho]]:],

3L B ﬁLOM Aotd o= E%l%ﬂ qegr=
80-94% AEZ =C Ho|xul A& naEE zlo]
= AT FH 65.56% 4501] :leL k. ol gk
gojgpto g2 Fr e o290 52 Y53 =)V
ofl= AL 5= Qulsittal s} F 2 digoflA=
SHAIEI] Aol ZRE L Q=T 0131 s 94 7t
go[gE g EAgthE Hi} 52 o2 A5S 94

> r

st 4= g Ao 7gEct

FF o B2 Hloly T ool A ViEe 2

PRdiEe] 245 59 S5 B o5 At
H

=
>
i)
oc
AN|
=
ey
@
o=
o
4
up
it
=2
it
H
ne
10
0x
or
==
El

References

Andrade, M. S., Miller, R. M., McArthur, D., & Ogden,
M., “The impact of learning on student persistence
in higher education”, Journal of College Student
Retention: Research, Theory & Practice, Vol. 24,
No. 2., pp. 316-336. 2020.

Chawla NV, Bowyer KW, Hall LO, Kegelmeyer WP.,
“SMOTE: Synthetic minority over-sampling
technique”, J Artif Intell Res, Vol. 16, pp. 321-57,
2002.

Chung J. Y, M. S. Sun, and M. J. Jeong, “An Analysis
of Institutional Factors Affecting on College Dropout
Rates”, Asian Journal of Education, vol. 16, no. 4,
pp. 57-76, 2015.

Elrahman S.M.A. and A. Abraham, “A Review of
Class Imbal-ance Problem”, Journal of Network
and Innovative Computing, Vol. 1, pp. 332-340,
2013.

Han S., “Exploration of Factors that Affect College
Student Drop-out and Resilience,” Journal of
Learner-Centered Curriculum and Instruction, Vol.
18, No. 24, pp. 1369-1391, 2018.

Stjepan Picek, Annelie Heuser, Alan Jovic, Shivam
Bhasin, and Francesco Regazzoni. “The curse of
class imbalance and conflicting metrics with
machine learning for side-channel evaluations”,
IACR Transactions on Cryptographic Hardware and
Embedded Systems, Vol. 1, pp. 209-237. 2019.

Jeong, Do-Heon and Ju-Yeon Park, “Data Analysis of
Dropouts of University Students Using Topic
Modeling”
and Communication Engineering, Vol. 25, No. 1,
pp-88-95, 2021.

Jeong Do-Heon, “Implementation of a Machine Learning-

, Jornal of the Korea Institute of Information

based Recommender System for Preventing the
University Students’ Dropout”, Journal of the Korea
Convergence Society, Vol. 12, No. 10, pp.37-43,
2021.

Jeong, Seon-Ho. “A Study on the Development of
University Students Dropout Prediction Model Using
Classification Technique.” Journal of Convergence
Consilience. Korea Safety Culture Institute, August

HM32E Mus 20234 122 @D



31, 2022.

Kang M., E. Lee, and E. Lee, “Trends and influencing
factors of college student’s dropout intention”, In
Forum for Youth Culture, no. 58, pp. 5-30, 2019.

Park C., “Development of Prediction Model to Improve
Dropout of Cyber University”, Journal of the Korea
Academia-Industrial Cooperation Society, vol. 21,
no. 7, pp. 380-390, 2020.

Lee E. H. and S. Kang, “The Research Trends and
Implications of College Dropouts in Korea”, Journal
of Learner-Centered Curriculum and Instruction,
Vol. 19, No. 10, pp. 169-199, 2019.

Lee E., Y. Song, J. Kim, and S. Oh, “An Exploratory
Study on Determinants Predicting the Dropout Rate
of 4-year Universities Using Random Forest: Focusing
on the Institutional Level Factors”, Journal of

Educational Technology, Vol. 36, No. 1, pp. 191-
219, 2020.

Lee S. and L. Park, “Analysis of Correlation between
the Characteristics of University Students and
Dropout”, Journal of Learner-Centered Curriculum
and Instruction, Vol. 19, No. 11, pp. 1185-1210, 2019.

Ohn Syng-Yup, Seung-Do, Chi and Mi-Young Han,
“Feature Selection for Classification of Mass
Spectrometric Proteomic Data Using Random Forest”
Journal of the Korea Society for Simulation, Vol.
22, No. 4, pp.139-147, 2013

Sang Bong Oh and Kun Chang Lee, “A Neural
Network-Driven Decision Tree Classifier Approach
to Time Series Identification”, Journal of the Korea
Society for Simulation, Vol. 5, No. 1, pp.1-12.
1996.

" M & (ORCID: https:/orcid.org/0000-0002-6209-1935 / sbjung@kiu.ac.kr)
1999 =337 | & U(KAIST) AFAH gkt ska)

2001 Sl &AKAIST) Abdasha) 4AL

2005 aHatel7|e AKAIST) AFelgstat v}

2011~ @7 Addjsta Hwshy a4

Fhalstol « ofulx] Q14 e, HirE HA, AR ELIEY

Z & A (ORCID : https://orcid.org/0000-0001-8750-4444) / duyonkim(@kiu.ac.kr)
2003 AL AFEIEAA AR BER E5hE

2005 QATjEHE BEEATE} TatAA)

2000 xSl EEEA EEk} Bt

2011~ 874 AUt AZEEgsha) as

Thalitol e, SR, ArAA A LE, HEEds

HENEL e



