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[Abstract]

Dropouts of students not only cause financial loss to the university, but also have negative impacts
on individual students and society together. To resolve this issue, various studies have been conducted
to predict student dropout using machine learning. This paper presents a model implemented using DNN
(Deep Neural Network) and LGBM (Light Gradient Boosting Machine) to predict dropout of university
students and compares their performance. The academic record and grade data collected from 20,050
students at A University, a small and medium-sized 4-year university in Seoul, were used for learning.
Among the 140 attributes of the collected data, only the attributes with a correlation coefficient of 0.1
or higher with the attribute indicating dropout were extracted and used for learning. As learning
algorithms, DNN (Deep Neural Network) and LightGBM (Light Gradient Boosting Machine) were used.
Our experimental results showed that the Fl-scores of DNN and LGBM were 0.798 and 0.826,
respectively, indicating that LGBM provided 2.5% better prediction performance than DNN.
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Table 1.

Summarization of existing work: prediction purpose, target students, data, algorithms, etc.

(DT: Decision Tree, RF: Random Forest, DNN: Deep Neural Network, K-NN: K-Nearest Neighbor, SVM: Support Vector Machine)

Ref# AEClE e VBT Data Algorithms Best Prediction Result
purpose students
Cyber 2017~2018 LMS log + . _
Statistical [31 Dropout university Survey from 1050 students DT + Statistics
approach . . 2019 LMS log and Linear Regression + _
(81 Grade University academic DB Statistics
. . 2020-1 LMS log F1-score: 0.7 (DNN)
[4] Grade University (from 26,331 students) DT, RF, DNN (for good performer group)
[9] Grade C.yber. 2015~2017 academic DB AutoEncoder + DNN Accuracy: 0.86 (DNN)
university from 1,113 students
Middle 2019 academic DB DT, RF, K-NN, SVM, _ .
(101 Grade school from 2,500 students XGBoost Fi-score: 0.81 (XGBoost)
Middle UCI Machine Learning DT, RF, XGBoost, .
[11] Grade <chool Repository LGBM AUC: 0.803 (LGBM)
. . . 2011~2014 academic DB .
Il\gzrr::;zg [13] Dropout  University from 8,000 students DT, DNN Accuracy: 0.8 (DNN)
. . 2017~2021 survey DT, RF, Naive Bayes, Precision: 0.739 (Ridge
approach  [14] Dropout  University from 3,075 students Ridge Regression Regression)
[15]  Dropout University - DNN, Lln.ear F1-score: 0.8 (DNN)
Regression
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2014 LMS log DT, DNN, K-NN, .
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High 2014 NEIS DB .
[18] Dropout chool from 165.715 students RF, Boosted DT AUC: 0.898 (Boosted DT)

AREELER EE L]
g ¥ DNNE ol83] 452
86%2 ZAEIICE [10}2 R4t Ao

(Accuracy)=

o551

QEQFHRE £4Z o5 082 2A|AE 3o Hls 45t Jlo= Jfﬂ“q
on, & Nt (162 Atold] Ol o= 3t 5= g o & l
% 2 =059tk LMS 212 o] R3}o i% '3]01515
S DT, RF, SVM, DNN9] oj|& 232 18l5}tglon,

SHS tdo 2 K-NN(K-Nearest Neighbor), SVM, DT~ $t 3

(Decision Tree), RF(Random Forest), XGBoos

olgslel Hg o5
T "4 81%
112 22

RF, XGBoost, LGBM &

St A}

E‘.O

5t o, XGBoosto] A&t
FEo8 IV =2 o
2 £7F Alentejo A|99] £35S Ao g2 DT,
0| g3}
stgon, LGBMS] AUC(Area Under the ROC Curve)

[12] %ol 0.8030.2 714} =9},

& =2 oS3} Beste], [131& DT DNNS o]&
sfof Clegsel 59 ofg oEstuAt sigion, 247t
5502 DNNO| et 84
T SRR} 9 AfEHAY qpa}gi ] A
o = g o4

o] Hatz 75%9} 80%
stoicy. [14]:=

T RAE Olﬂo}oﬂl e =
1R } siYith HIAE Xelg 9ol Twitter °*EH

ol-gsto] YAREE FE5}0] sk HIo|E & &3t &, =%Urﬂ
L}OIE H|o] =(Naive Bayes),
o]-&s}o] o %
A g9l U= (Precision) 3ol 73.9%= 7P =% 7SS
o}. [15)= =X]2H 3]Het DNN2
= g2 o55lAL o1l on], DNNO| Fl-A30{7}

sion), DT, RF &2

] 2] H(Ridge Regres

S EeR
o=

= O
o a2

ZAPE A

ozst At

£

o=

o5t

=471

o

G

3= 92 o5
AUC g4tgto] 0.898= 7}

AT e

oS ol &3ste HlojE

RFO] F1-A30}7} 0.842 71 {L;—?l‘ll}. [17}- MOOC
A 27388 Ao 2 K-NN, SVM, DT, DNN9| & &
2 o5 BY=E Yluwsiylen, DNNO AUC H+tgto]
0.9682 7P 7 Uehdek. (1812 1i4e oz
F35t¢ o0, Boosted DTO
GETI

sy 5 et o5
AE etk "olA [13-15]9F RALSH
[14]04+= o5 ds= 54
3tz (Accuracy)?t AW =(Precision)g 0]83513) 00, o]
Aes olEst 2Ry

232

4R thsta

(13t

7] st AlE=x 22t J

olg =]l At 9l

=01, 5= 50| 6.6%% Hlo[E{ollA oH

D3Q JHsleion,  out AA| §1A|
_75‘_'_ ] H}'O:]o}‘xl
olg&sto] eS| FLeE WtoA $HAZL 9l

e B9t 1 virje] 3

8}—];}5

230) tolele] BE s e S5 Lt oA
Beal oaT %S,

G771 Kk ol 2o BsL Fx

sl 2] Aees
gog d53
Fof chgt o5
SHA7F Q) HUIE
- [15]9) 4 F1-23

$FFL WYY HRES 545

r
O
—_

L=y



52 Journal of The Korea Society of Computer and Information

QICHs HoAE Aok W SALSIY, 8158 1% Hlol
1 i

12}59] sfojm m2tolE

A Y SOl oiet FAIRR - W82 AABHR] ok
th= Aol A7E Aotk I\/ooﬂf\iL g2 &3l AR

Yt [13-15]949] d52 vl 2ukE AARlt

III. Data Preparation

1. Data Description

s B o2 S oEsP] St ok tlolHz A U
FaThe 494 distel A ofste] s} A Al A=A
201085 2022971X] 20,05059] 8 ooz
A S 2 YA A0S dojele sl ol gsiat. 8
AL A A 2Ee] g dolel: dlolelol s Fels
Sl 552 Fastd 4 S o2 7i9] Holgz 2o
d Pehz A1k o] 5 & T 050 o 8d 4
Z8 Holg £4(A7)S2 Fig. 14t 2. i Hlol&
5o AU A, & A, AlskE Atk 12 H]n
oo, =AM OiE, oA AE I™ HlojElE melelth
A WA 2 47400 digh A2 ARt

% 4

ol
M

Table: Grade (with 28 columns)
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Table: Grade (with 28 columns)
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Fig. 2. Record examples of graduate and dropout
students in the Grade table
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machine learning
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2. Algorithm Settings
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T = df["Dropout"].values

.. ]].values

X_scaled = StandardScaler().fit_transform(X)
X_train, X_test, T_train, T_test =
train_test_split(X_scaled, T, test_size=0.2)
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model = keras.Sequential([

keras.layers.Dense(256, activation="relu",
input_shape=(X,shape[1], )),

keras.layers.Dropout(rate=0.5),
keras.layers.Dense(128, activation="relu"),
keras.layers.Dropout(rate=0.5),
keras.layers.Dense(32, activation="relu"),
keras.layers.Dense(1, activation="'sigmoid')

)

model.compile(optimizer="adam", loss='binary_cross...")

model fit(X_train, T_train, epochs=100, callback=...)
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import lightgbm as Igb
D_train = Igb.Dataset(X_train, label=T_train)

params = {}

params| 'learning_rate'] = 0.003
params| 'boosting_type'] = 'gbdt’
params| 'objective'] = 'binary’
params|'metric'] = 'binary_logloss'
params| num_leaves'] = 500
params|'min_data'] = 100

params|'max_depth'] = 100

clf = lgb.train(params, D_train, 10000)
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3. Experimental Results
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Fig. 4. Performance of dropout prediction of DNN and LGBM
in terms of accuracy, precision, recall, and f1—-score
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Table 3. Performance comparison of the proposed
model and the existing models discussed in [13,
14, 15]

Measure Existing models Proposed model
Ref No. Score Algorithm Score Algorithm
Accuracy [13] 0.8 DNN 0.953 LGBM
Precision  [14] 0739 _ 199  gg77  GBM
Regression
F1-score [15] 0.8 DNN 0.826 LGBM
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Fig. 5. Performance of dropout prediction of DNN and
DNN+SMOTE in terms of accuracy, precision, recall,
and fl1-score
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V. Conclusion and Future Work

2 RO M A8 B3 494 Telel A O]
sto] At AR A|AEION 2010G5E 2022 7}A] 20,
050%9] sPgS o2 43 S 3 A dlojel2
B sl S 92 ofng o5sh] 93t A= o
& 2R sk YR dolels 522 msh] s
o ElolE 2 UE Y2 5 gstent 64“’
9Is shfe) Eloj22 EFsleict. 12

2 59 stol DR FFS 5+ 7))

(6]

d é
shgoll o83kt shs gYEeRE V]
O

of 3] A9l Al
AW %n2)50) DNNi} 3|, &2 ujgog wo B2
Mot s M Bshs 702 LejAl LGBMS ol &sto] pel
£ 135ttt Ald Aab DNNyF LGBM 229] F1-AF
o= 7k 0.798x} 0.8260]91 20, LGBMo] DNNoj| H]|}

2.5% Y2 oI5 des Aeshe sl 2AESY. &

5] LGBM TH9] o|& As-2 7|1& ALo|A] AA|sH 2
=9 /350l vlsh St Zloz 2Rl .

Ak oAl s £ uelEe] A vl o] FE

22 glolelt 71 E4tgol oflE Adsoll ol IS ol

A=A S &elstuAt shgich ol 9lsl DNN el

ZS groz SMOTEES o]8st ovjAiZa X8 A}

29 o5 5= vluwstit. dd 2y SMOTE A& =
o] 50l 23] Forion], Tedh QuAEY V1Y A

35 Yol ki gusta

REFERENCES

[1] J. H. Kim, "The hierarchical relationship between individual,
college, social variable, and dropout intention of college students,"
The Journal of Educational Research, Vol. 30, No. 2, pp. 249-266,
2011.

[2] H. B. Lee, "Analysis of main factors for college students
underachievement," Humanities and Social Sciences 21, Vol. 7,
No. 3, pp. 653-672, 2016. DOIL: 10.22143/hss21.7.3.34

[3] C. Park, "Development of prediction model to improve dropout
of cyber university," Journal of the Korea Acedemia-Industrial
Cooperation Society, Vol. 21, No. 7, pp. 380-390, 2020.

[4] G. B. Moon, J. W. Kim, and J. S. Lee, "Early prediction model
of student performance based on deep neural network using
massive LMS log data," The Journal of the Korea Contents
Association, Vol. 21, No. 10, pp. 1-10, 2021.

[5] J. Schmidhuber, "Deep learning in neural networks: an overview,"
Neural Networks, vol. 61, pp. 85-117, 2015. DOIL: 10.1016/j.ne
unet.2014.09.003

[6] G. Ke et al. "LightGBM: A highly efficient gradient boosting
decision tree," Advances in Neural Information Processing
Systems, vol. 30, 2017.

[7] N. V. Chawla, K. W. Bowyer, L. O. Hall, and W. P. Kegelmeyer,
"SMOTE: synthetic minority over-sampling technique," Journal of
Artificial Intelligence Research, vol. 16, pp. 321-357, 2002. DOI:
10.1613/jair.953

[8] E. H. Seo and E. Y. Kim, "Exploring the predictors of academic
probation in college: focusing on variables of student engagement,"
Journal of the Korea Contents Association, vol.21, no.7,
pp.469-476, 2021.

[9] H. J. Lee, "Study for prediction system of learning achievements
of cyber university students using deep learning based on
Autoencoder," Journal of Digital Contents Society, vol.19, no.6,
pp.1115-1121, 2018. DOL: 10.9728/ dcs.2018.19.6.1115

[10] J. Y. Yang, K. H. Moon, and S. H, Park,

characteristics of underachievers

"Extracting

learning using artificial
intelligence and researching a prediction model," Journal of the
Korea Institute of Information and Communication Engineering,
vol.26, no.4, pp.510-518, 2022.

[11] C. H. Hwang, "Improvement of early prediction performance of
under-performing students using anomaly data," Journal of the



58 Journal of The Korea Society of Computer and Information

Korea Institute of Information and Communication Engineering,
vol.26, no.11, pp.1608-1614, 2022.

[12] ROC, Wikipedia: https://en.wikipedia.org/wiki/Receiver oper

ating_characteristic

[13] J. M. Kim and D. C. Lee, "A study on management of student
retention rate using association rule mining," Journal of the Korea
Industrial Information Systems Research, vol.23, no.6. pp.67-77,
2018.

[14] S. H. Jeong, "A study on the development of university students
dropout prediction model using classification technique," Journal
of Convergence Consilience, vol.5, no.2, pp.174-185, 2022. DOL:
10.33090/sfcc.5.2.11

[15] J. Lee, D. Kim, and J. Kil, "A study on the prediction model
for student dropout," In Proc, of the Annual Conference of KIPS
2018, vol.25, no.1, pp.37-40, 2018.

[16] H. S. Park and S. J . Yoo, "Early Dropout Prediction in Online
Learning of University using Machine Learning," International
Journal on Informatics Visualization, vol.5, no.4, pp.347-353,
2021. DOIL: 10.30630/joiv.5.4.732

[17] W. Xing and D. Du, "Dropout prediction in MOOCs: Using deep
learning for personalized intervention,” Journal of Educational
Computing Research, vol.57, no.3, pp.547-570, 2019. DOL
10.1177/0735633118757015

[18] S. Lee and J. Y. Chung, "The Machine Learning-Based Dropout
Early Warning System for Improving the Performance of Dropout
Prediction," Applied Sciences, vol.9, no.15, 3093, 2019. DOL
10.3390/app9153093

[19] Exponential smoothing, Wikipedia: https://en.wikipedia.org/wiki/
Exponential smoothing

[20] Google Keras: https://www.tensorflow.org/guide/keras

Authors

Hyeon Gyu Kim received the B.S. and M.S.
degrees in Computer Science from University
of Ulsan, and Ph.D. degree in Computer
Science from Korea Advanced Institute of

Science and Technology, Korea, in 1997,

2000, and 2010, respectively. Dr. Kim joined the faculty of
the Division of Computer Science and Engineering at
Sahmyook University, Seoul, Korea, in 2012. He is currently
an Associate Professor in the Division of Computer Science
and Engineering, Sahmyook University. He is interested in

artificial intelligence and big data processing.



