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Abstract *
The objectives of this research were to analyze the factors affected universit \mout prediction,
to compare the efficiency of the prediction model, and to improve the model effigiency b g feature selection
with multilayer perceptron neural network. Data used in this research were edifrom the Office of Student

Registrar and Evaluation, Division of Educational Service, Ubon Ratch
parts: (1) 1,029 records of basic data, (2) 6,826 records of semester data,
data preparation process by CRISP-DM method, 882 records remai i

ani erSity. They were consisted of 3
d( 7190 records of grade data. After
4 attributes. The models of university
student dropout prediction were developed using decision tsee, Naive Bayes, multilayer perceptron neural network,

and support vector machine integrated with feature sel methods including gain ratio, Chi-square, and
correlation-based feature selection (CFS). The efficienc ated models was measured by 10-folds cross
validation to compare accuracy, precision, recall, easure, 2and mean absolute error. The experiment results

revealed that the key factors to predict th
average (GPA), (2) GPA of courses in the st
student loan or scholarship, and (5) student’
university student dropout was de e&

rsityastudent dropout were 5 attributes including (1) grade point
nt cllty, (3) GPA of courses outside the student’s faculty, (4)
aduation status (target class). The best model for predicting
y multilayer perceptron neural network improved with CFS. The
accuracy of the prediction model r fhodel development with parameter tuning, was 90.39%. The results
indicated that the feature s improve the efficiency of the prediction model developed by neural
network for predicting&]ive student dropout accurately. The developed model can be further used to develop
the system for predi ive student dropout.

t, prediction, feature selection, data mining

Copyright by Faculty of Science, Ubon Ratchathani University



NIV IIEN TS INIMIaN AN VN 5 4audl 1 (u.h. — d.8. 2565) | xx

unin
nMsoennatafuIesinAnuAnaInuatsaug 1wy nan1siToudininnue ligiszAramezideu (Ubon
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(Decision Tree) Fmsi3suiiudosnaievieundiug (Naive Bayes) Fiflouthuiilndfian (K-Nearest Nei ATV
Uszaniiiea (Neural Network) kagn1siasizvinisanneeladana (Logistic Regression) tud (la Sudadet,
2017) saufsiinsuszgndldnisdmdonaudnuae (Feature Selection) $aufuisnnsduundoyati .
walugrunTy AaUs1ngluauideves Rawengwan and Seresangtakul (2017) Sittichat (2017)4i@ ¢ Boonprasom and
Sanrach (2018) ﬁﬂizgﬂm‘ﬁ% Filter Ranker Method %38 Correlation-based FeaturgfSelectiondCFS) Tun1sdniaan
Audnvriddysuiunmsduundeya 1uddedanaiundissiu lefinsdnw sduvsonudnyuyituly
5 09NNANAUADUTIINAINRAE
unnzevutslunsazusunila
syniliaTzitadeiianudidydenisesn
anduvesindnun iieifiuusednsam

UsgAnSamauansneiu dey 9idetifaiisnsAndonaudny
nanAuvesindnwiuvIneg desiuiumaiaduundeyalunignensainige
Yosuuaedlitianugnaouiug i

2. WeiSeuiisuussavsnmaeuy nsain1seRNNaNeAUYRInANYINNTIENAEAINN1TUTUUT
MEIBNSAREBNAMINYMYTINAUTTATILUY
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INUTLEIANIIIY %
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i

npuRuaznuiteniiegd

n1sAaLiang ”x ture Selection)

n1siden Y FsfitivanduuaudnuazsEowovvitd (Attribute) Fsaztreifinlszdvsnnuay
ANuutiugveadivdnaadiunisdnundeya lnenisAndonamdnuaeuusls 3 Ussian laun Filter Approach, Wrapper

ded Approach (Pavya and Srinivasan, 2017) 33 Filter Approach tunsidenauanuyuzlagly
vuT1aed Tazlddunaridnsuduiinnzan wardiudsndaniminainiiannaeiviaiasgnavesn

lidudounarlituiuussamvesiuusiaesiily Lwiﬁﬁﬁamsizi’ﬂﬁamﬂﬁu&iaﬁ’umammé’ﬂwmz winzAUANYMEITNAITU
weniu @1uludd Wrapper Approach Qmé’ﬂwmmwﬁuﬁ’mwuﬁnaaqmi’f Tnvagldnaansainuuudnasslunisiasanam
W auYednAAN YA IAIvUA LarAT Embedded Approach 9z AumduLnvenudn v nunzaufianfiaing
wuUsIaes deagldnnsAiunaiitesniii Wrapper %ﬂmmﬁﬁaﬁﬁiﬁﬂLﬁ@ﬂi‘ﬁé’ﬁﬂ@%ﬁuﬂismm Filter Approach Tuns
ARLABNAMENYME Aa T59m31d7uLNY (Gain Ratio) 35lAawA% (Chi-Square) LagiSAnLdaNANAN YUY UNTIUANFUNUS
(Correlation-based Feature Selection: CFS)

suldidndula (Decision Tree)

duldisaaule \umedanisillinadnduaresuisnnuduiusiiie Wautuulas J. Ross Quinlan wiadaiiley
Tlunnsadesuliidnaula ledun sanedfiu Ca.5 048) 19udnn1sues Information Gain (IG) w3e Entropy Reduction iiia
$uunlnun (Node) Inednidenaaidnvasiitinuduiudiuaanaunniigaunidusin (Root Node) mﬂﬂy’um@mé’ﬂwmﬂﬂ

Fuanslag Aol Inemans unIneraseuasIvel



xx | Journal of Science and Science Education Vol. 5 No. 1 (Jan - Jun 2022)

o

ov Wuadaluaziian Gain anuduiuly Jaudasivunvzuanstensindulavutoyavesnuauifsneg vesndlsl Inedeya
%ua'ﬂﬂqwma&ﬁulﬁﬁﬂﬁu%%LLamﬁﬂﬂ’sjaJ‘tJad‘i’fau“a (Class) (Pacharawongsakda, 2014; Habusaya and Ditcharoen, 2020)
Tumsmanudiusvesaudnuazazlden 16 Ssiunnildan
IG(parent, child) = Entropy(parent) - [p(c1) x Entropy(ci) + p(cz2) x Entropy(ca) + ...] (1)

Taofi

Entropy(c) Ao —plc) log plc)

p(c) Ao ANUasluvesen ¢

c Ao aaaming (Class)

/1 Entropy azldlumsiarnuunndsiuvestoya deyatinnuunnsnsiuties A1 Entropy axdiandn wirdoua
famuuandiefiusn @1 Entropy asilings fedudndaya Entropy vedlstuagn (child) anunsoutauendoydlsn Quden
Entropy suazagyiiliian IG ﬁmqmﬁmﬁwﬁu‘lwuﬂw (parent)

u13nug (Naive Bayes) TS

wdvhud Wumadandaildiuammuiouiennahuvuiaeddieuaslidudou Tage

\Jundn (Pacharawongsakda, 2014; Techapanurak, 2021) Fendalaan

PAJCP(C)
P(C|A) = ———— 2)

Towil

A fie Aaudnue (Attributes)

C A9 panaduune (Class)

P(C|A) A mmmuwvLﬂumauawmmwmmmﬂu A ﬂvuﬂm

P(A|C) A mmmuwwﬂuwmauaﬂﬂm (Training ) fifinana C uardiuonm3tad A

T8l A = a1 N a; ... N ay uaz M fio 1 S Uastluyadoyariniy
P(C) A® mmmmﬂmﬂumamma C

TassngUszamiisuiwesdunsaunat®tu MMultil erceptron Neural Network)

TAsengUssaniiedinesidunsou N s9918UsEamisuLuy Feed Forward mmuqumaaama
adinenanfldagnauninans wazldsunuat ity B e iToegrwnnlunainaneannivn faunduiitosiasinis
mmu‘uaﬂma‘maﬂiumﬂuauawuwwiu 1 aa‘ﬂiumwLﬁﬂw'%aimmhmumnL%am\'aﬁu %amil,%awial,ma
aamﬂuﬂamaa LiEJﬂ’J’] Hu (Layer) ‘

Uuwswauaﬂaum (Input Layer) mmuammmwmw wawamaaaﬂ
(Output Layer) LLau‘U‘Ll‘V]EJEJiuVi’J . 5 aumLLas%uawauaaamiﬂmw Fugou (Hidden Layer) smiﬂamlﬂsauévau
onadlunnndn 1 JuAld I@ 594 AT 1 fen il mmmimmqﬂsymmaﬂmamEJUiummmaummmmwuﬁuaa
1AS99718LUUNIY éf\ laun 1AS9918lUUTULR 2 (Single Layer) uag Tasaneuuunaisdu (Multilayer)

(Pacharawongsakda, 2

Output Layer

Input Layer Hidden Layer Output Layer
AN 1 1AS9E519LarMSYNINYRalAsseUssa ey
11 : https://th.wikipedia.org/wiki/lassneUszaviiieu

TAsangUsramsuuunatety [dmsuanunianududeulsnaiduag1ed Tnefinszurunisineuduwuull
Hasu (Supervised Learning) wagldtunaunisdaadaundu (Backpropagation) n1sindunszuiunisdsAdaunduy

Copyright by Faculty of Science, Ubon Ratchathani University



NIV IIEN TS INIMIaN AN VN 5 4audl 1 (u.h. — d.8. 2565) | xx

Usenausie 2 ddudesfie n1sdsinuludnemiin (Forward Pass) nsdar udoundu (Backward Pass) dwsunisdeinuly
drath deyaassudlassieUssamifivaiidudoyadh uasardsiny ndndunililugdntunisounseitdisdutoyasen
dunmsdshuounduatuiinnsdeurorsgnuiuilasulfasnedesiungnisuddeRianana (Eror-Cormection) Aenass
THARBUTIWTA3 (Actual Response) funanauitiwiang (Target Response) AnLdudayaaufiomana (Error Signal) Fadeyeyied
Arvanatiazgndsoundudnglasneussamidioslufimmemssfuiwiunadende uavatminuesnadeusoasgnuiu
qunszilmaneufiwiasadlnduaneutwing (Prakobpol, 2009)

FunasALINABSUUYTY (Support Vector Machine : SVM)

dnnasannasiuydu WudanesiinlunguisnisFeuwuuiifasu (Supervised Learning) Taen1siA1vaangy
foyarsaduiliaesaiue (Feature Space) MniuFwmiduiliudsdoyaisanteanainiulsadradunts (Hypegplane) i

A vy oA a a Y o aa sa -
o
=~ a D
S
N h
Lo

Wanilun1side

uiTedldngs zuaun1IAIUd
(Pacharawongsakda, 2014) Fausene

nsviaudlaleyun (Pr derstanding)

AR eidemm winfnwndeyaiuguvesindnu meamaeuluisasna@ou uasnans
Bou lnd1edannss S8 Bed ure Wm v duguasies1dl (Ubon Ratchathani University, 2018) Tassadnandngnsves

Unfinw iemladendansagsospnanduresindny anyaveyansameideouseuvenindnm

a

(CRISP-DM: Cross-Industry Standard Process for Data Mining)
UNIALEUY Al

Data Understanding)
launnszuununsidouinfnyiavUsvaiana nasusn1sn1sfing umIngndeguasnusiil

2. foyas18n1ANIsANY 103U 6,826 518115 Usenausie swatndnw Un1sAine aaSeu siaaaiuam
dnunmiinAny nansi3uwads wazkan1siSeundazay

3. Jayananisiseu 31U 29,790 18015 Usenausie satindnw Un1sfnw) aaseu siaiv Foi9n miein
LAYSYAUNANISISEY

nsinseudaya (Data Preparation)

Huduneunsinmsteyaiiiowdsumdondmivnsinneiuarainuuuasdunismenseitoya léun

1. MsfnLdendeya (Data Selection) IngidenAnanuuy (ﬂa%’w%uamm%ﬁaﬁ) mn%’auaﬁuaﬁ’u G‘Tfas’ﬁ%’sﬁmﬁaﬂ
mauammmammulmammauamuﬁmﬁnauaaﬂ mmaamauamu sHaUnAn®) mammaumaaavau anunInEnAnw
Iﬁmaumu nan1s3euedsnsnd 018ndn $1elddn o1 s1eldunsan Sunuiites Jnsdnen aaSeu s
Forw withein siunansisou

Fuanslag Aol Inemans unIneraseuasIvel



xx | Journal of Science and Science Education Vol. 5 No. 1 (Jan - Jun 2022)

2. mandunsesdioya (Data Cleaning) ilumssindoyafiianainuasldauysaioen aundedeyafiugiuilidmsy
ihluUssinanasalaanuiu 1,025 5789015
3. nsuasdieya (Data Transformation) Wegluguuuuiiannsatiluimsesield dail
3.1 sudoyannanudulidummaientu Inglideyafiugrudumsaman
3.2 Amuanenv3dadszoznain1sinudsdiuiuanuenyitaddnsinm aAoy asedeusEaIand
Hulunuuunmsinevielsl vadlideyaanuenvidadussamuesanufinuifudniuRnsansseznafinuniuum
33 e DseAunanFeusein AuamamsiSouadsein widadu 3 ngu fe (1) ndusedvilu
Al (2) nguEITILBNAE (3) EAMNANNW uazuenduteyyETidneiviildsunansiFeu w
3.4 unuAuazulasteyaimusliogluguuuy Nominal Hmun
3.5 dnnquanunmidndnu iy 2 nguie dusanisfinw fuanmilndnen wazdmuadusaiaidaimn

A o v A g & o = o
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oldSchool anuAnwILAL schogk=15415¢ e = MYy, nfe = NFU.
fathercareer 21andan unknown

eincome = LiiRuls
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ulture = LNWATNT/UTTUS
7S ance = D1TNDATL/SUIN
government = JUINVAT

mothercareer 1TINUNTAN o ¥ .
employee = WUﬂQ’]u/Qﬂ‘\]’N‘Viu’JEN’MLE]ﬂ‘W

/ emp_government = WHANUSHNT/NANIELNUTIYNT
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’Juﬁﬁm none = VLaJ'ﬁﬁlﬁm, one = 1 AU, two = 2 ALY, three = 3 AY,
morethan.three = 3 AUl
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6 1 o v Y

MHINEI8735n15 Gain Ratio, Chi-Square

A
ﬁ’ ' Y] v °
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Support Vector Machine (SYM) fauandlunind 3

N19MIUTEENSATNUBILUUINABY (Evaluation)

AI78m1U T NS 1NveILUUTIaeerI838 K-Fold Cross Validation (10-Folds) lngiu3euiiisusn Accuracy,
Precision, Recall, F-Measure Wag Mean Absolute Error (MAE) mnmiwmaa‘ume"wamﬁa%waﬁaeﬁ% Decision Tree (C4.5),
Naive Bayes, MLP uag SVM saiunsAnidenanianuaizaie Gain Ratio, Chi-Square uag CFS Fannd 3

YAUDYa

v

ldnsAnidennainuay (With Feature Selection)
(1) Gain Ratio (2) Chi-Square
(3) Correlation-based Feature Selection (CFS)

A

4

Lilgnsdndonaudt
(Without Featufe

v

A5 auuUTIasInITWeINTal
(1) Decision Tree (C4.5) (2) Naive Bayes (3) Multilayer Perceptron
(MLP) Neural Network (4) Support Vector Machine (SVM)

N

UseiiuUsEaNSNINUBLUUINE DY
(Efficiency Evaluation)

= % a M - ¢ o o =
AN 3 ﬂiS‘U’Juﬁi’NLLaS‘U%LM z\%a A1ADINDNYINTEUNTITDDNNANAUYDIUNANEYN

{ifeoonuuunmeassiiaenndostuingUazaidniside dall
1. a¥1auuudnaewngls Decision
9197 1) wdnUSeuidieuUssavsnmefe
2. fAnldenAmany

GreedyStepwise wazISErs @

s v

re£4.5), Naive Bayes, MLP lay SVM 91nAuanwgyiavan 14 LenvisUin (i

guracy, Precision, Recall, F-Measure tag MAE
Ratio, Chi-Square laaldinuain1sAuNILar Mo UAU (Ranker) WU

a

wilmesvesitairsuuudnaedlude 3 fifle1 Accuracy gefian Wleiiuuszavsnimussuuudnasdluns
NeNIURRIERNAINAUTBIINANY WaAUSBUTBUUTEAVENWABAY Accuracy, Precision, Recall, F-Measure Way MAE
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13799 2 Namsmﬂizammw*‘uaqqumaawlulﬂmmsmLaaﬂ@maﬂwm:

Algorithm Accuracy (%) Precision (%) Recall (%) F-Measure MAE
Naive Bayes 87.59 86.90 93.80 87.40 0.1384
Decision Tree (C4.5) 88.81 89.30 88.80 88.50 0.1597
Multilayer Perceptron 86.86 86.80 86.90 86.80 0.1418
Support Vector Machine 88.44 89.90 88.40 88.00 0.1156

2. HaN15ANLADNAMNGNBULAIYTT Gain Ratio (GR) Wag Chi-Square (CS) 1aun159ndudu (Ranker) uayds
Correlation-based Feature Selection (CFS) #amu31 GR way CS lanaanslnatAaesiulagwennsiig 6 suaul PA,

GPAInside, GPAOUtside, GPALanguage, loan waz sibling d3133 CFS fifianimdnunnnd 0% fidfieq 4 won NEU6 LA
GPA, GPAInside, GPAOutside wag loan 9915197 3 Neiieny3087N 14 Aeraiadivang .

M99 3 HANIARLERNAMENWEAIEIT Gain Ratio (GR), Chi-Square (CS) kag CFS

Gain Ratio (GR) Chi-Square (CS)
INAINU
1. GPA 1. GPA
2. GPAInside 2. GPAInside nside (100%)
3. GPAOutside 3. GPAOutside 3. GPAOutside (90%)
4. GPALanguage 4. GPALanguage 4. loan (10%)
5. loan 5. sibling 5. sibling (0%)
6. sibling 6. loan 6. GPALanguage (0%)
7. oldschool 7. 7. oldschool (0%)
8. havew 8. 8. havew (0%)
9. mothercareer 9. 9. mothercareer (0%)
10. GPAIn 10. 10. GPAIn (0%)
11. fathercareer ~ fatherincome 11. fathercareer (0%)
12. fatherincome 12} GPAIn 12. fatherincome (0%)
13. motherincome 3. motherincome 13. motherincome (0%)
3. wan15LUse 3nMveeuUUTIaRsfiaieiieds Decision Tree (C4.5), Naive Bayes, MLP uag SVM

fonAndnuaelagiansanduiy 7 wonnidad uag 5 wenvistng lakauansdswnged 4 &
NUITI5 MeRGIH THADSARLINANENYMEAETS CFS uarandnuiunuanuausmae 5 woyvisTudlinanugniosgiign
aaedlude 3 {IdedsUsuAamisidmesiunisadawuuinasaiieds MLP eaduwasnaaaum

J5UA1 Learning Rate Tvfiawvindu 0.3, 0.5 uag 0.7 auasu
4.2 Vusnulrussuteu (Hidden Layer) 989 MLP TAfiaviniu 1, 3 wag 5 muaiau
4.3 fnuAAT Momentum WAy 0.2
a.4 fwusdrdusudeyatiowdn (nput Layer) wihifu 5
4.5 ﬁmumm%ufiﬁau”aaaﬂ (Output Layer) Wiy 2
Fanan1snaans nud1 LuuSaesiiinanugniesgeiiga e LuUT1aefiaiieain Input Layer = 5, Hidden
Layer = 1, Output Layer = 2, Learning Rate = 0.5 uag Momentum = 0.2 ﬁﬁmiwﬁ 5
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Algorithm Feature #Attribute | Accuracy Precision Recall F-Measure MAE
Selection (%) (%) (%) (%)
Naive Bayes GR/CS 7 88.20 88.40 88.20 88.00 0.1366
5 87.23 87.20 87.20 87.10 0.1419
CFS 5 88.69 89.00 88.70 88.50 0.1338
Decision Tree GR/CS 7 88.56 90.10 88.60 88.10 0.1611
(Ca.5) 5 88.81 90.40 88.80 88.40 0.1602
CFS 5 88.81 90.40 88.80 88.40
Multilayer GR/CS 7 89.17 89.20 89.20 89.10
Perceptron 5 89.05 89.50 89.10
CFS 5 89.90 90.90 89.90
Support Vector GR/CS 7 88.44 89.90 88.40
Machine 5 88.44 89.90 88.4
CFS 5 88.44 89.90 A4

AN5199 5 Wan15MUSLANSNINYBUUINADINAS 1992838 MLP sauAunIsAnkae nEnuveeio CFS

Model Learning Rate | Accuracy Precision F-Measure MAE
(%) (% (%) (%)

5:1:2 0.3 90.15 91 90.10 89.90 0.1689
0.5 90.30 90.00 0.1675

0.7 89.90 89.70 0.1708

5:3:2 0.3 9 90.00 89.70 0.1450
0.5 90. 90.00 89.70 0.1405

0.7 89.90 89.60 0.1391

5:5:2 0.3 91.00 90.00 89.70 0.1432
91.00 90.00 89.70 0.1394

90.80 89.99 89.60 0.1372

CRISP-DM USznause 6 sumeu ldur (1) nvinarandilatigm (2) mavhenudilateya (3) mawdeudeya @) ns
ahauvuiass (5) msmuszansamussuuudiass uas (6) Msthuvuiaedluldou deyativhunlivamuwuuiiass
TuuNNUnzieuinAnvikarlszanana NesUInIINsANY) Ininedeguasvsnil 9w 1,029 518015 NAIN
uNsTUIUNSIWS BN Teyaanade 882 T18M3 Usznousie 14 wenvistad Jsduundeyasenilu 2 nau e ngudnisa
nsfny wazngusiuaaiunndndnw BAldlunisaranuudrass Teua (1) Naive Bayes (2) Decision Tree (C4.5) (3)
Multilayer Perceptron (MLP) Neural Network wa (4) Support Vector Machine ilold9asfunisdaidenandnuwaz e
7% Gain Ratio, Chi-Square wag Correlation-based Feature Selection (CFS) Wu31 A311Qn#A84 (Accuracy) YasuUInaes
diutudleusnvidaianaunde 5 wonvitad uadldmfunisdaidonde3s Crs fnnugniosgaiian Tnsameideld crs
$iu MLP agldmanugndedlumnensalniseennanduvesindnwiningu 89.90% uazfaudinisuiudmisiines
294 MLP aglyidanadonugnsisauinin LwimﬁﬁﬁqmﬁﬁﬂﬁmmQﬂﬁawaaLLUUfﬁwamLﬁ'wﬁmﬂu 90.26% AonsUTUAT

Fuanslag Aol Inemans unIneraseuasIvel
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Learning Rate Winfiu 0.5 Sadenadaafuauddaves Sriurai (2014) fifinsiuieuiisuuuusiasslaseneyssamiion
safumsAndenaadnuazuuuieg lunsdiuungielsadiuame danmsdnidonaudnuaizieds CFs Wiaanugnses
gefign 9nnan193se wui adeddaiitnaienisesnnansduvesindnwiuniinends léun nanisiGeuadsazay (GPA)
wamsi3sundsazaungiviluaniy (GPANside) nan1sSeuadsavaunguiviuenaney (GPAOUtside) uonanisanuin
nansiSeuRdsazannguivianw (GPALanguage) M3fBuvzenumsdnw (loan) Aluiadesesiifinasioniseannatsdu
vostindnuduiy wazdiditadovesdudiies (sibling Adsmafosfnunliudadely feiarunsandnlngasy an
nanidauansliiiiuinasaliinaianisfndonaudnuaziiouiuusssavsamuesuuudiassunisneinsainnsosn
nansduvestinAn uardaunsaiiuussansamvsauuuitaeddasaieUssamitonliiaugnieawiuguindu g
anusohuuudnaesluldimunsyuunisneinsaimseennanduresinfnwuninenduls

NATydaUsaRRUIResanlalaenN1sIATITANLdLRUSveItas e NiNaRaN1TPRNNA1IALYDY
Uszgndldinalianganuduiusvedisnisviumilesdeya wardaunsaimuisdeseaiioaisuuuinaodunasneanseinis
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