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Predictive Analytic for Student Dropout in Undergraduate
Using Data Mining Technique

Chanidapa Boonprasoml* and Charun Sanrach’

Abstract

The purposes of this research were 1) to analyze the factors that involved with the dropout
of undergraduate students 2) to propose a model for predicting the dropout of undergraduate
synthesize 3) to compare the performance of 3 different classification techniques, including
Decision Tree, K-Nearest Neighbors, and Naive algorithms. The data was collected from the
undergraduate student’s registration database of Ubon Ratchathani Rajabhat University during the
academic years from 2015 to 2017. The dataset has 11 attributes and 13,729 records. The data
were analyzed using the Information theory selection method. The results showed that 1) there are
8 factors that influencing student’s dropout 2) Those factors were used to build models with the
different techniques, Moreover, the cross-validation with 10 folds method was used to evaluate
the best prediction accuracy of each technique. 3) the result suggested that the Naive Bayes model
has the best performance among all techniques. It has the average accuracy of 93.58 %, which are
higher than Decision tree and K-Nearest Neighbors which have the average accuracy of 93.52 % and
87.95 %, accordingly. The findings also indicated that students’ decision to dropout was
significantly influenced by the student loan, major of study, grade point average, and the
occupation of their parents.
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PNL099A (F-measure) UagANAINYNABS (Accuracy)

Read Excel Weight by IG Sels
e g B I e B

ect by Weight
@= "~ b Validatiom Decision Tree

) ==

-

v | oy

=) | Validation Naive Bayes
v G g =D

| =} | Validation K-NN
1 n 4~ g —-§

-
b

Naive Bayes
S mod -

"

gﬂﬁ 2 a519lumanae Rapid Miner Studio 7

4.5 nsUsediuna (Evaluation) aglakaannnis
a5nalatea wuindsnuau 8 Jadeiiedtedlunis
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ANDBNNANAUTBINNAN®Y Jmanas19nlgmala

'
a

Bayes liinaansnavianlagilA1naiu

q

35 Naive
gniesfosay 93.58
a = a a a
A15199 3 HansiUSsuWiguUseansnnlunis
FIHUNNITANDBNNANAUYBILNANEN

Janasiiy AIRUENABY Accuracy
Naive Bayes 93.58%
Decision tree 93.52%
k-NN 87.95%

4.6 nsiuuuiaesluldau (Deployment) 11
Tuwadildiunssuiunisioudisuuszansam
vodlsia Aldmmgniesgean Tulflumsyiune
nsaneennansfuresin@nudiieldiduuuamiduy
nstesiunazuilalgminisareennalsAuves
HnAnwlunmazdnisfinuaely

5. WANTIY

51 wamsleseitdeiiAedadunmsaeen
NANAUYDIUNANEITZAUUTYYI93 lnun1sanila
foya (Attribute  Selection) nsd A imn
YIUONNTUIAAI835N1T Information
wuifisiuan 8 YedeiiAededunsmesnnandu
vouindnw e nsgdunesuitenisiinun amn
39 inTaLads ednvewnsn o1dnveslnn Al
Zou 019 worlsGouiuneazdendwnead 4
aaeii 4 YadefiAeadeslunisaresnnansiuves

Theory

nAnw
No Attribute Weight
1. | msfiunesmuitentsdnw (Edu_Loan) 1.6
2. | @w1w (Major) 1.2
3. | \nsade (GPA) 0.8
4. | @1 Wwwewnsan (Mother occupation) 0.5
5. | @1@mweslan (Father_occupation) 0.5
6. | aneiiBou (d faculty) 0.4
7. | 918 (Age) 0.1
8. | Tsa3uwiu (Old_school) 0.1

5.2 wansauas1gilueadInsunsyinuienis
2ONNANAUYRIUNANYITEAUUSYYIRTLazin
Usgandnmaesluinasniedsnis 10-Fold  Cross
Validation
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15199 5 wansilSeuiigulseansninaininy

wiugvodluina
danasiiy Accuracy | Precision Recall
Naive Bayes 93.58% 93.80% 99.40%
Decision tree 93.52% 94.66% 98.19%
k-NN 87.95% 98.34% 73.18%

NNeed 5 aziudnaunsaldindesteyalu
N19Y1U18N198190NNANAUTBIUNANBITEAY
Uy ws sewmaliawilesdeya 3 lwa mewmaia
7570 1) Decision Tree 2) K-Nearest Neighbors
ey 3) Naive Bayes Wi Tauszavsnmuesduing
#835M3 10-Fold Cross Validation lainaiiadns
Bayes flUs¥angn1maanil
Aadsamgndesiosay 93.58 ATAIE Decision
tree fifAuanugniesiesay 93.52 uax At
Neighbors fifnladenisgndes

AIEBLNANATD Naive

35 K-Nearest
Sowuay 87.95

6. anAUTIEHA
1NNITIUTINYeYaINgudeyanunsiey
VBIWMEL TIN5 9 Ua519511 votinAnw
seRuUsaed d9uiutnAnufiatesnsiuiu
2,364 A SuuinAnwitlianesnilsuau 13,729
au waziloThnsmsziand mnvewenvisdan
#2833n15 Information  Theory  wuiniiadeil
Aerdedlunisareennansdugaan 5 Sudu Tdun
MsfBunesyuiionIs@inw @1v13v insaLed et
0IN1TAT Uaze1TNVeITaN memaﬁﬁﬁmi
azdaudlateanimnisidueglunseuniives
UnAnwinazlimnurigmdsnieniun1siiun

o =2

tndAnwfinauraununing lngenaagiansantou
funisdrszannen fansunliddunosuiiie
N3ANY WS liunsAnsdmsugiSeuaus
gINIUMTONUNALAINTIN SuluAsnsuidam
masnumsFouvestin@nu luusaganv1in iile
Tnans3euity faduenansduszsiarnnian
swdesnesguatindnwoddlnddaiioannnuides

TunsaneennansAuvesindnw
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nseueuUTEaNSAINNNTILUNNTA98N
nasAuYasinAnwszaulsyginslagldinaia
willeatoya 3 luaa mewallals Ae 1) Decision
Tree 2) K-Nearest Neighbors tiag 3) Naive Bayes
dioTauszansnmeedlunadieisnis 10-Fold
Cross Validation Kansvaaesiiowseuiisuane
Bayes Y
UsyavBnmgegeilrniadsanugniesiosas 93.58
FriuFsannsnagulddn wuleadldannmaes

ANNYNADY (Accuracy) Wud1  Naive

Hanusmilulessiuazimnenisaeennansiu
maaﬁﬂﬁﬂmszé’uﬂ%mﬁgw%%gﬂé’faﬂuizé’uﬁ
pousuld Weadeudlsutunuidesisndat asld
FBnrswmilesteyaiiunndiadiy 1wy ganafiuay
auysal [9] nsnensalnan1snaaeunIenIsAn
izﬁumaﬁﬁguﬁugm (O-Net) unninendesedn o
Wnaueisnisinmileadeyalagds Decision Tree
uAsnsiiafian uag emiiinduaziiag [3] ns
Fuunsnmnedidnnsedndiluauiulngldivaia
nsvivilestoya Fausznoude Decision  Tree,
Naive Bayes, K-Nearest Neighbor HansnRaedile
WIBuWiguaInANAIgNfes (Accuracy) Wuinis
Naive Bayes Tiraugneesgsaavinfiu 92.48 %
PNnTeiinui mlesziasiunemsasen
ﬂmaé’u‘uaqﬁfﬂﬁm&}ﬁ%miﬁﬁﬁqmﬁa MALAISAIS
Ya9u1dvlug (Naive Bayes) Husednsn1ngagnil
AndgAugnasiesay 93.58 Gan1slHasnevin
wiloseyaaslitiussavBmmnniign xfomaseu
fefuvaneds esonamugniesiviungldiuey
fudeyaivsthunlienevisne

7. doidusuuz

mylingideyaliazideavielidusyansam
wnBety msdnsfunusdeyatadesidun
Saee 1w Jadeaudiuivesindny Jadesu
anuAne Uadeauaninaseunst Jaduaudsnu
JoyangAnssunsiseuvetinAny Yeyaaninnig
Seuuaznisasu Joyalasaisvemdnans Joya
wandasdesdinfuiuiulrsonsssliiniosiedu
WU LUUgeUaNY Msdunwal [Wudu
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