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Implementation of a Machine Learning-based Recommender
System for Preventing the University Students’ Dropout
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Assistant Professor, College of Global Convergence Studies, Duksung Women’s University
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o5 0}_’5'41—,2 o] &5t 5 Hlw AF ’él’\] Stgitt. 3) AR Axt, AQE 7ol wlolAEgle v RE &l
oA T 55 HAFoh xﬂxﬂﬂ_,] A8 H3+E(precision)S WY iEﬂiE(Random Forest)Z AM&
S ) 95.6%, AAAY HEE(recall)> o] Ho]Z(Naive Bayes)E AHET ) o 80.0%= 4=
‘4 4) upAEro 2 ;l‘é ANE g R S8 7hsAdo] w2 SHIE A "o}‘;}ﬁ}L FH A A" &8 Het
< AAstHt. 1& AL FAE 2ot Yol IT HOF—*] 7eE S8l Y ATE Fof A gAHEA

2 599 & 988 Solsigon BE A44Y G7E Bl o ABA 716 A8LLR Prt
ZHO : 148, FEEL, AL, 1A T, 22 A4d

Abstract This study proposed an effective automatic classification technique to identify dropout
patterns of university students, and based on this, an intelligent recommender system to prevent
dropouts. To this end, 1) a data processing method to improve the performance of machine
learning was proposed based on actual enrollment/dropout data of university students, and 2)
performance comparison experiments were conducted using five types of machine learning
algorithms. 3) As a result of the experiment, the proposed method showed superior performance
in all algorithms compared to the baseline method. The precision rate of discrimination of enrolled
students was measured to be up to 95.6% when using a Random Forest(RF), and the recall rate of
dropout students was measured to be up to 80.0% when using Naive Bayes(NB). 4) Finally, based
on the experimental results, a method for using a counseling recommender system to give priority
to students who are likely to drop out was suggested. It was confirmed that reasonable
decision-making can be conducted through convergence research that utilizes technologies in the
IT field to solve the educational issues, and we plan to apply various artificial intelligence
technologies through continuous research in the future.

Key Words : Technological convergence, Dropouts, Automatic classification, Machine learning,
Recommender system

*This Research was supported by Duksung Women's University Research Grants 2020 (3000005346).
*Corresponding Author : Do-Heon Jeong(doheonjeong@duksung.ac.kr)

Received August 22, 2021 Revised September 27, 2021
Accepted October 20, 2021 Published October 28, 2021



38 &=gdEtsl=gx H12# X105

T stV 45 AstAA g Y&
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9] H]& FA] F7F FAE Holx 1] =g
AR AE 9 FHY oA 71919 7] 3]H] 8-S YA
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< FE 7119 7MY, A=A A 5 BEE 2
A 99l dsted, g s, A+ 5 ¢ 25
S IAHE 7184 821 5 ¥ FEES AlEstska
I FFEZ BEAgH1-0l
, 2 SRR 71=9] gtol Eel AHA, 7]
7I¥ E= "9AE npo|d 7|Y 55 AF2H0R
A= F7hetal Qv 71ASs EarelEel 9
F U (decision tree), ZAAE 3]H(Logistic
Regression), #E ZHAE(Random Forest) 5 o
71E& ARgsto] 8 991 Fohfr|& skal[5,6], €
AE wlo]yg 7| ol&sto] g HolHERE
W YH(context)E 7IAH LR FE5t] A Aot
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Table 1. Main fields of database

Category Field Category Field
Entrance year Major transfer
Department Major acquisition
Current enrollment Liberal arts acquisition
Number of ; o
urmoer Double major acquisition
registrations -
) Acquisition — —
Basic Current semester Minor acquisition

Exchange student
grade (domestic)
Exchange student
grade (abroad)
Overall rating

Dropout (Y/N)

Dropout semester

Dropout reason

Admission type Grades |Major rating
Ent 1 Academi i
Admission n.rance gxam ype ca Iem|<? warning
Residence information Service time
High School info. . | Internship
- University -
Income deciles Life Dormitory

Scholarship | Off-campus scholarship
On-campus scholarship

Extracurricular program
Extracurricular department
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AA| A9] 49 AAH= Fig. 13 ok 4 HsHAy
o] stAb gl 78 &E HEE RSkl JAE F glo]
EfHo] o] FE8HTHstepl). & ATolA Abshs A
E g5 A7) AR R st Hlole &
U= Holy Wg 3 271 e AT (DA
2 A2 Sl 44 3 SARIE Z2 4] HolHE
HeA sk, ()doly Fx8k8 S o3 9 A
HE, et 72, Aohe #¥ 4E 55 WY A
oo, QAo AE Ff vl 3 e 22
Ot vld H9AES avdor AFcke Hte
AARTHstep2). °1& vhgoz 714 szl 7]uet o
It 27 LALHES ARl e vlal grRit
(step3). vHAetoz Aty 9] Seget e A &
A ALY B8 ek AT stepd).

| 1. Data Collecting, Preprocessing, Storing |

| 2. Methods for Performance Enhancement |

Statistics- Adding NLP
based Data Hierarchical (back of
Conversion Structure words)
o
| 3. Automatic Classification & Evaluation |

| 4. ML-based Recommender System Design |

Fig. 1. Overall process

3.2 S| 7|8t £X| ClO|Ef Hat

9A dolg 2% E F 537 =& 44 14 o
ElHjo]|AE FE51oH, 7 ASS St ohakst WA
9 dlojg 7} wWEE S 4 A%
(continuous variables)$l 4] HloE 5 A 7|
W o]R3) WFy wW4E WIets 3PS 3%
ol 7|AIEs ¢uEE F A HlolHE AT & A
£ Ef AG@QAHEA UE, dd ZHAE 5)E A9
o PR BR71E Ao "agh 3got

£ Atole T 84, AT 44, BARITE 50
H5% (categorical) Blo|HE 2] §igo] YR 3t =AY
(numerical) Glo]Elo]ct. B Lo ALY (quartile)
£ gg3lo] AR TS 25% T 4719 Fto R
HZslslo] glolg] MAQ BEg sjaetirHl1].

AT e EQAE= 58 HE 42 glolg
£ AEYE 243 2= Table 29 Lt} dE5

MR ST, BT B S 9 dAR 7
e v, WA SRS 71202 F3F Ao 380lH,
o “FUHH_NNE A5 W,

Table 2. Quartile conversion of continuous variables

Al students Enrolled students Dropout students

Overall Meajor Overall Meajor Overall Meajor

Rating Rating Rating Rating Rating Rating

Min. 00 00 00 00 00 00
st Qt.

5% 294 279 301 29 00 00
2st Qt.

(50% 332 333 3.36 338 253 213
3rd Qt.

7% 371 381 373 383 322 325

Max 45 45 45 45 4.45 45

BAF AIZS] A9, o 913% ool 0 elgonz
0 2 A HolElol Tl ARESIE Sate]
Zo} A2S sl 24 298 SAL A4 9
712 IAHES): 8.0, 2AH9) 24.0, 3AMESE: 545 o],

spAsto 2 B5 A% IS 98l o7l oleg &
7 et L A3 oA gstehE oelel 4
2 0, BAAE 03} 22 Glero) G 712 Y/N
B Holel g Agetel TABS AT 37 A
2 ARG 1 ol 274 AT ol HolEE At
5o 9/, WHADAY 477, WLISY /T, 7]

%A f/% 5o itk

3.3 Hlo|H FX3E S8 AEEE &8

tloly &% 4% /A
B £x3} ASIE 5T :
ol A= SHAF A Ee} vlu, i TlolE 9
upe} FEoso] S, T 59 57 E2 A4
St= A S st

A& £°1, Table 33 Zo] 7} S5 AL HL}
deto g AFst & 4= ek o719 ieke] afgt
B ZYUA & (business rule)e] ¥H3E 4 Utk Ew
9] A%, 20208t A= RE k9] A7 APl w
2} o] A]7] o]%9] YIS 134 Al7]of stk HH
7} 2A5kA] gtk ESE 20209 o] Sy HE
T el o 22 SR AR} EASHA] Y=tk o] Bt
Table 33} Zo] glo| Fx35 & 71Aes 452
NS 4= Q= tlolgy AWFEE ATE & A
[12,13]. &, Hlol8 F&3l= H2YA 2EE o|sfs}
of Hlol§ 9 §4& wrgste Aol & 4= qlth 9]
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Table 3. Example of hierarchical data structure

Hierarc! Hierarc!
category raw ceta p il
Korean language and College of
lterature humanities
History College of
) Economics College of NSRS
Meajor . - studies
Psychology social science
data College of convergence studies (2020-)
Computer science College of College of
Biotechnology engineering science and
College of science and technology (20207) | technology
Regular: general B Regular
Admission Regular: etc. decision
data Early: essay B Early
Early: Student Record decision
On-camp: high grades | On-campus
Scholarshi 8;:2?9 lm}ilsrt]oon; ST Scholarship
p data .y P v Off-campus
ST —— scholarship

3.4 XAN X2E ot XE Hd

ekl zpQdo]  AF(NLP; natural language
processing) 7|9 FElA EA(morphological
analysis)& & 714 59 5 FdS AT AH
(features)& 57} A/95t= THgoltH14,15]. o= il
Tlo 71912} KoNLPy (https://konlpy-ko.readthedocs.io/)
o= 2fe}E Akgslo] A oF K noun phrases)E %5}
it KoNLPyE ZAHPOS; part of speech) Bj73<
#8ll Kkma, Komoran, Hannanum & B4t S84
£ YRESo] AT 4= Stk & AoflA= AR E|
2EE 59 23t Astota wdE KkmaE POS
AR ZAs1

2 AL BOW(back of words) 7fg< 7]Htoz
F7F A B4 B0l HlolE 314 S04 kAo
2 E77(classifiers)’t 22 = A=E gk 71
A B AT S o2 2ok NN* + NN* +
. 2k Zo] A&E PAF FE Y (NNHH*(NN*"0] Lie}
U 75 BANEY 232 A4 A5l

Table 49+ o] Ao} He| /4L %2 st
g Aol Holgl wHF dole FRo] H8-2 3
o ok ol g, Uok A, vl 5 $A9} 8]
w3} 2233 So| olo] gt

Table 4. Korean NLP-based noun phrases generation

Original form Morphological analysis (NLP)

uegsts w9, ¥oig, weysts

I FX, S0IE, B, +NS0/E, S0E3Y,
SRS SAISOIESY

+
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4.1 A 24 2 GOt w

A 7IATEEE AT 488 HlolE Y d(data
frame)= AY/35tSiTt. 85 Al Hiolo]A(bias)7} 2 4= SL
= AF T JH= AR AAsH R oH, ER7)17 FE
Aiks AT = AT 7HSAE #AE 1AL HE
4]0 2 W3lstitt. M o|HE I E AMEEE HlolA
2}ol(Baseline) BF4]3} Aot BFoH(Proposed Method)<
283 oy e S 242t st Holg g«
A0l ol 719t kA (Pandas) gtolB e E &
&otqit

A 98 ARBEE E7l(classifiers)= 714 35
Fofo A d] &85+ k-F4 o kNN; k-Nearest
Neighbor), AZE #E 9XI(SVM; Support Vector
Machines), #E ZHAE(RF; Random Forest), U°]
B Ho]A(NB; Naive Bayes), ZA|AE I|A(LR;
Logistic Regression)¥] 5% ¥ailg|&o[ct £57 A3
sl 714 S5 E Holg 24 AZE0Ql QA
(Orange)E Z-&3t3ith

Table 5. 2x2 contingency table

Observation
YES NO
- YES TP FP
Prediction NO ™ ™

AY 57k AL WY MEY(random sampling)
103& AAlsto] Batghs Hotler, ohs Al HlgS
AAQ] 95%Z AAstArt. 714 <5 2okl BHZEl
35 87t 7S] B E(precision)Tt A& -E(recall)

& olgaid.



Ciehy ST oS st 71 Bk 7|8t £H AlAY 73 wer 41
Table 6. Performance comparisons of overall experiment
KNN SVM RF NB LR

F1 p|l Rl | p| Rl | Pl R RH| P| R|F| P| R
Baseline 0.932 0.929| 0.935| 0.724 0.85| 0.631 0.944| 0.944| 0.945( 0.858| 0.906( 0.815| 0.939| 0.936| 0.942
Overll ProposedMethod 0.940 0.939| 0.942 0.808| 0.863| 0.759( 0.950 0.95 095| 0.890| 0.912 0.869| 0.940| 0.939( 0.942
Baseline 0.611 0.81 049| 0.501 0.463| 0.545| 0.662 0.928| 0.515| 0.530 044 0.665| 0.648| 0.887 0.51
proP ProposedMethod 0.650 088| 0.515| 0.536| 0.499 0.58| 0.694| 0.956| 0.545| 0.551 042 080( 0.665| 0.852 0.545

Table 59 Zo] £5717} 34L& dEsto] AH
S o5l H2E TP(true positive), FHOE &0
U 99l F9-E FP(false positive), 1402 27
&3t 4E TN(true negative), FH22 &3O
U QH(F79)0] A$-E FN(false negative) 2 T-2-5}9]
BEED AL AETTHFZA 1). B3 F 45 AR
£ Soto] &l ARE YERZ] 9J8f F1 A& AR
SIATHEA] 2). Agol AMgSH 72+ BR719) F8 Tt
H]Ej&= KNN2 neighbors=5, euclidean distance &
AHE, SVM2 linear 4], c(cost)=1.0, RF= FAE
24=10, e(@P42)=0.1, iteration=100, LR -5}
¥=Lidge, c(strength)=1 ©|c}.

.. TP - TP
Precision = TPLFP Recall = TPLFN @)
_ Precision X Recall
£ Score =2 Precision+ Recall @

42 A 3 45 H

4.2.1 HIO]AZQ! vs. MOt W & HlW

A AEE B HlolAgel et £ A+ Agt
W Hlwsksih. A A% A= Table 632 2t
Fig. 2= Table 6% 89Fsto] AehYE xEtol= AA|
S (Overall) £577] = v|ugt Aot 5 &
Az ot Aok S A8e Ayt nE dareE
of Hsh et A& HErtal gtk KNN, RF, LROJ
90% SHF tief et 2 Holu ¥, SVMe] 7h
& AR F1 A4E YE AL Stk o] A3 ol¢ A
Y BT FARHA vt

AAHQ o] FotAE, & A7 HHL A|F
Y] Frege dds 2 osty] gt AejnE 4
AR FEGoF dt= thi2 AFAY I1Fo|t}. ol ot
g} Table 6& ¥ C.& Fig. 33 Z0| dropouts H°]
Hol tigt 45 4 2A%E Btk A 2 A

S AR A 15 AR A e o
A Addo] vlef AxSHA Uehtal Sict o= #H A
TFR2lo] 2, FEgE d442 ] 2719 1
s 18}7], 28M7]o] 2 Yehtry] g AEE ¢
S AH 9] 7t &3 @Al g Aolgt & 4= Utk
AA A9l 452 KNN, RF, LRo] &34 RF7} H 1
69.4%9] F1¥4E Hol1 ot E3h RE d1EE
ofl 4] Aol WolATRIELE 43t HoZ Ut
2SR

4

A

m Overall Baseline

@ Overall
ProposedMethod

v

i it B
KNN(F1) SVM(F1) RF(F1)  NB(F1)

S5
LR(F1)

Fig. 2. F1 scores of “overall’ data (comparison
between baseline and proposed method)

® Dropouts Baseline

# Dropouts

ProposedMethod

KNN{F1] SVM(F1) RF(F1)  NB(F1) LR(F1)

Fig. 3. F1 scores of “dropouts” data (comparison
between baseline and proposed method)
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oz gld Zﬂ—’F«] HEE RF7} 95.6%% 7H
9%t A BRI QAL 7A7 AA AA
A A FolA Zﬂ@*@c’lfﬂrﬂ HE, A AR 5
oA € Holuf Fold=AE &4 ASFE Aust
o, NB7} thAl 408 AHhgo] e 1HloH AdE 3
5ol $okA YE H I 80.0%=E S AT the
BollAe e ALY 54 44E vEoR ¢

Yo 2" BE W ANt dek,
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o6 Dropouts Precision
< + Dropouts Recall
05
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Fig. 4. Comparison between precision and recall rates
of “dropouts” data (under the proposed
method)
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£ FolrMes S22 M9 e d5she 71A
Skg Al2"9] dish f 28 wetel dis) AwEizt
otk B2 digto] P Arig A=E 53 Y
T L vier] s Ee o] 100% AE
242 FHR SRl At ojnf 7AITEE 283t A%
A ol &Rttt 1 o] dAlskes A" e
£ dlojgo] Z75te] 442 & & Aol 30&
SIAH4, Fig. 59} Zo] Hghs 94 13 A, Ade
A 22 A, udE Zbof sHge] Hidt 33 ges
AAHA S Ak Aula ABG 59T S
g o4 AL FAo LE¥o7 A&Ft §84
o thg Fe Tpoln, AL $A ML FE
2 ol S A wol Fohlt Tl 2
/\ ohq.
¥ a7el 4¢ 29 48und, Ay meaE
/D) 7oz Rop SIS G0z 17 4ES
3] ABGUIA AL oI Mol 2N
Zlto g FAs Hohd SYES guto 24
FEE APYOITAr AT & <ﬂr71 ok A7

Uiz A ettt ook Zo] s A Ayl

£9] 100% ZRE 245IHA SA =2 A

A8l A
X%zﬂo “"o Eal S)J\

Intelligent Recommender System Prediction
Random Forest Naive Bayes
(ref. Precision Rate)  (ref. Recall Rate)
oo . 100% Service
Decision Support Accomplishment

(rest of students) “\

1st Student 2nd Student 3rd Student

1 1
1 1
1 1
: Counseling E> Counseling E> Counseling :
| Service Service Service I
1 1
1 1
1 1
1 1
I |

End of Semester
(Aug. & Feb.)

1
Mid Exam Final Exam |

(7-8 weeks) (15-16 weeks) 1

——— e e e e

Student Counseling Services of University

—_——— - - L -

Fig. 5. Strategic utilization of machine learning-based
data analytics system
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