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Abstract

The objectives of this research were to analyze the factors affected university student dropout prediction,
to compare the efficiency of the prediction model, and to improve the model efficiency by using feature selection
with multilayer perceptron neural network. Data used in this research were collected from the Office of Student
Registrar and Evaluation, Division of Educational Service, Ubon Ratchathani University. They were consisted of 3
parts: (1) 1,029 records of basic data, (2) 6,826 records of semester data, and (3) 29,790 records of grade data. After
data preparation process by CRISP-DM method, 882 records remained with 14 attributes. The models of university
student dropout prediction were developed using decision tree, Naive Bayes, multilayer perceptron neural network,
and support vector machine integrated with feature selection methods including gain ratio, Chi-square, and
correlation-based feature selection (CFS). The efficiency of the generated models was measured by 10-folds cross
validation to compare accuracy, precision, recall, f-measure, and mean absolute error. The experiment results
revealed that the key factors to predict the university student dropout were 5 attributes including (1) grade point
average (GPA), (2) GPA of courses in the student’s faculty, (3) GPA of courses outside the student’s faculty, (4)
student loan or scholarship, and (5) student’s graduation status (target class). The best model for predicting
university student dropout was developed by multilayer perceptron neural network improved with CFS. The
accuracy of the prediction model, after model development with parameter tuning, was 90.39%. The results
indicated that the feature selection could improve the efficiency of the prediction model developed by neural
network for predicting university student dropout accurately. The developed model can be further used to develop
the system for predicting university student dropout.
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n1seennatsfuvesinAnyiinainnateanng 1wy nan1si3eudininnmel lidiszaraamzidou (Ubon
Ratchathani University, 2018) ‘vﬁamimaaﬂLaaﬁwmawa%"uﬂ L1 éfadmimﬁawé’ﬂqm WasuanTunsine Hudu
Fatlgmniseannansduresiindnunding1n o1edenansznuion1sUsEAunMAINNITANY AT WagnsdansAn
Jagtuimsiivdeyanianisfinwiegindussuu dagliaunsafanunanis@nwivesindne suddsyuunsivdey
viung wernsallenadiiin@nwienaazesnnarsfuiiiedagliindnuldnioumion viemmsthomdonouiagiuanin
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viung ieaiisuuudians iy mslinganuduiudifielingienuidsinisesnnansduresin@n vievnauduiug
veseiniiinaseUssansamniesnsinuvesindng (Paruechanon and Sriurai, 2018; Pheunpha, 2020) uananiiss
wuiriimsldimadianissuundeyamaauuudiasadensnsaimsesnnansfuvestindnu Wy nislimadasuliiingula
(Decision Tree) 3n3i3euiudosasievioudiug (Naive Bayes) Bifleuthuillnfian (K-Nearest Neighbors) Tasatie
Usgamifisn (Neural Network) wagn1saasizvinisanassladafa (Logistic Regression) Wufu (lamprik and Sudadet,
2017) afsfimsUsegndldnisdnidenaudnuas (Feature Selection) SaAuiBnsduundeyaiiioiiuuszansamls
waiugruntu A1U31n uaudTevee Rawengwan and Seresangtakul (2017) Sittichat (2017) k&g Boonprasom and
Sanrach (2018) ﬁﬂizqmﬁﬁl‘?j’%% Filter Ranker Method %38 Correlation-based Feature Selection (CFS) Tun1sanidan
Audnwariidfysmiunmsduunteya uddodanaamdieiu Iinnsinu susudedenionadnvusiivhunld
Anneiiuandsiulumausazuunuasyadeyaiitey Sstoyauaznguiiedsdmareniseannansdueudrmannvane
vrsilaforadamadenuudugilunisnensaiunndrefuly saufamadalunissuunvievunelundazuiunili
UssBvBnmiluaneaiu fadu eideifaiiinsdadenaudnvarinussgndliiin et deiianuddysronisoon
nansfuvesinAnymine dosuiumadaduundeyalunisneinsainsoonnarsfuvesindne Weriuuszansam
voauuuaadlifimugnioausiug ity
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naufjuazaiteiieades

nsAndanAuanYMe (Feature Selection)

nsidenamdnyay WuISnsfivisans uunudnuuzvdeusn3tod (Attribute) Fsazaieifindssaniaimuas
ANuwivdresuuIaedunsduunteya InenisAndenananuaziudld 3 Useian Laun Filter Approach, Wrapper
Approach way Embedded Approach (Pavya and Srinivasan, 2017) 3% Filter Approach Lﬂumil,aaﬂﬂmaﬂwm“hsiu
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msmmmmmmwuﬂmmﬂ%LﬂummmauwuﬁizmwLLmazﬂmaﬂwmzLLaxﬂmaLi’]mm&J Yorvesisinotinusnga
lidudeunarlifufulsvinmuesuuusiaesild Lwiﬁéﬁ’amssﬁ’qﬁamilﬂ%wiaﬁumammé’wmv usinEANENYUEITNINTN
weniu d@uludd Wrapper Approach AAN YL RufuLUUSA0IRle Im8'«3J(fuwaa‘wsmﬂLmeaaa’Lumswmmwmm
AU HUVDIAUAN WY fitmun wazds Embedded Approach % AUMTULYAVDIAUANBIY Fmung awawasw
LuUsIaes dearldnnsdunaiivesninis Wrapper mimmaauﬁpﬁ]aLaaﬂiﬂjaaﬂasmﬂismw Filter Approach Tuns
AndenAnaNYMe Ao 88ms1d1uLnu (Gain Ratio) 35lAawAd5 (Chi-Square) uazdSAnidanAmANvuz UL UandUTUS
(Correlation-based Feature Selection: CFS)

auldinadula (Decision Tree)

fulfisinaule Wumadandailinadnduazosunannuduiuslading sauidualag J. Ross Quinlan madiafides
Tlunsadrefuliidndula leun sanedfiu Ca.5 048) Mwdnn1sues Information Gain (IG) wie Entropy Reduction iiie
uunluun (Node) IfﬂaﬁfﬂLﬁaﬂqmé’ﬂwmzﬁﬁmmé’mﬁ’uéﬁ’mmamﬂﬁqmmLﬂusﬂﬂ (Root Node) mﬂﬁ'um@mﬁﬂwmzlﬂ
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Fou undluaziie Gain annduiuly ausaglnunazuanidanmsdndulavudoyavesaandama vesndlsl Inetoya
%udwejmmé’ulﬂﬁﬂau%%LLamﬁdﬂéjwuaﬂ‘ﬂ'aaﬂa (Class) (Pacharawongsakda, 2014; Habusaya and Ditcharoen, 2020)
Tumsmeruduiusvesnndnunzazlian 16 Jedunnildan
IG(parent, child) = Entropy(parent) - [p(c1) x Entropy(ci) + p(cz) x Entropy(cs) + ...] (1)

Taofi

Entropy(c) #e —p(c) log p(c)

p(c) fe AANUaviluvesen ¢

c Ao Aanadvang (Class)

A1 Entropy agldlumsiamnuunnsnsiuvesdeya ddeyaiinnuusnsnaiuties A1 Entropy axiiAnen widhdoya

P

fanuuaneneiueIn A1 Entropy deliAge datud1teya Entropy vedlnungn (child) anansawvsuwendoualad asilen
Entropy fnuazazyiliien IG fiAgadlaieuiuluuauu (parent)
u1dWtud (Naive Bayes)

widvue WWuwedanisnlasuanuieufiosainasiuuudiasdlairsuas bidudou lnsodenguimutiazidu

Jundn (Pacharawongsakda, 2014; Techapanurak, 2021) %ﬂﬁ?ﬁﬂuﬁm‘léjﬁﬂﬂ

PAICP(C)
P(CIA) = ———— )
| P(A)
Tag?

A fio AauaNwaE (Attributes)
C Ao Aanawvune (Class)
P(C|A) Ao Armuunadundoyaniuennstadidu A azilnana C

Y
=

P(AQ) Ao Armmunastludoyafindu (Training Data) fiflaana C waziiuonmstam A

1087 A = a1 N a; ... N ay waz M A Siuuwenvisdadluyadoyaiindy
P(C) Aa AAutaziduvesnana C
Tasstheuszamifisnmeidunseunanedu (Multilayer Perceptron Neural Network)
Tnssedssamifisnmedidunseunansdu Wulasenousvamiiouwuy Feed Forward dafunuusiansms
adinrnanifildograunsnats wazlssuanuaulatundnuideetaunlunainuaisaianden me%mﬁaﬁwamms
Mauvealasenedsy mﬂuauaauuwﬂswﬂaumamaaﬂi m‘wmsumaimmmmumaLszjamaﬂu mmawamaum
sanifunguees 1Sunin u (Layen) Fuusn Lﬂuﬁuuiwauai’]aum (Input Layer) mu%uammmsamﬂ %uawauaaaﬂ

o

(Output Layer) LLaU‘U‘LWIE)EJiu‘Vi?ﬂQ”IIUS‘U‘U@iJaﬂE]UL?J']LLa%‘ZIuﬁQ‘U@iJaE]E)ﬂLSEJﬂ’J’] Futau (Hidden Layer) ezmimamiﬂﬂjuszjau
gnaflannndn 1 SuRld Iﬂiﬂﬁi’NLLﬁmNﬂ’]W‘ﬂ 1 femnil ﬁammimmwswmmaﬂmwwﬂiummmsmmmmwumaa

o

Tase91suuuning 9 16 2 wuu 1aun TassvrguuuduLaen (Single Layer) wag lassansuuunansdu (Multilayer)
(Pacharawongsakda, 2014)

Output Layer

O

Input Layer Hidden Layer Output Layer
AN 1 TAS9E51ar Sy UYealAsIIeUsTEiIew

fian - https://th.wikipedia.org/wiki/lasetneUsganmiiey

TasevneUsramiienwuunatstu Wamsuanunianududeulenadusgned Tnednszuiunsilnadudunuuil
Haou (Supervised Learning) wazldduneunisdedrdoundu (Backpropagation) n1sHndunszuIun1sded1dounduy
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Usenausie 2 diudasma n1sdar1uludnantn (Forward Pass) nsdeinudoundu (Backward Pass) d1msunisdaniuly
franth Foyaazsiudrlasheusramifouiitutoyadn uasazdsinu mndndunildlugdnduniesunseisiedutoyaoen
dumsdshuounduaniminnindeusoargnuiundeliaenadestungnisuidefianatn Eror-Correction) Aarasa
YINANDUTINTA3A (Actual Response) funanauiiimune (Target Response) dindudayaasfinnana (Error Signal) Fadeyayias
Armanatiazgndsdoundutiglaseieusramienlufienssiuiufumadense waradminvesnmadeuteasgnusu
qunsziamaneuiiwisadlndnaneusvineg (Prakobpol, 2009)

FNNBIANABSUNBTY (Support Vector Machine : SVM)

dnnasannmesunydu WudanesfiulunguiSnisiseunuuiifasu (Supervised Learning) laenisunAedngy

U
v

Toyasasluilivesas (Feature Space) mﬂﬁ?uﬁamLﬁuﬁiﬁuﬂﬁa;ﬂaﬁmmaaﬂmﬂﬁ’uimaa%qLﬁuLLﬂd (Hyperplane) 7i
Durdunsstunifiowdsngudeyaansngueanantu danmd 2 Budwnesanimesunrduiulifudoyadady i
UsrAnsninlunissuundeyafifififsiuausnnld uenainiinisléfleidunediua (Kemel Function) iiewdasdeyalusalia
flgstu anwnsaduundeyaiiiiniuagquiedeldodisdivszaniam Ingldudnmandunssdfiansdudlniian (Maximum
Margin) ﬁaﬂamml,ﬂaﬂﬁagaaaﬂlﬂu 2 Aand Imaﬁmmﬁmwmmﬁaaﬁqm (Boonprasom and Sanrach, 2018)

ToA

1
MR 2 nsuusngudeyasednnesnanmesuuviy
finLUasan: https://en.wikipedia.org/wiki/Support-vector machine

/AU
auideildnsruaunisasuanidu (CRISP-DM: Cross-Industry Standard Process for Data Mining)

v
=1

(Pacharawongsakda, 2014) FaszneudetunounsAiuny §i
n1ssiraudlaldeynn (Problem Understanding)
@358’3Lﬂi'}sﬁ‘ﬂzg‘vnmiaaﬂﬂmqﬁwuaqﬁﬂﬁﬂmmﬂ%;‘gaﬁugmmaqﬁﬂﬁﬂm nsamziloululiasNIAREY wWaskanIs

Seu lagdadannsaideuteteduvewming1deguasiysiil (Ubon Ratchathani University, 2018) 1as9asevangnsves

UnAnw Wemiadufidsmanemseannansiuresiindne MnyateyamIamedeussureindny
n1sviaudrladeya (Data Understanding)
Poyaildlunidelinanszuununsfouindnuitazyszinana nesudnisnising uvninerdeguasusiil

5eI19UNsAnw 2553-2563 Tuguuuulng Excel Usgnaudmedoya 3 dau loun
1. ﬁﬁa;gaﬁugm $1uIU 1,029 518015 Usznausie satnAnel nanisieuledsasay saanIunIn @a1unn

Undne saSeuiy nansewadsusndn 913ndnn $1eldtnn 018wansen 1eldnsnn wassiuauiites
2. Uayas18A1ANITANY 311U 6,826 518113 Usznaumie siatinfnwy Un1sfinwl analseu saaniunmn

dounNTnANE HanSSuRaY wasNansSeuRAETEL
3. Jayananisiseu 31U 29,790 518015 Useneume siatindnw Un1sfny) aaseu siaiv Fo3n wiein

LAZIZAUNANITITEU
msm%sm%’aga (Data Preparation)
Hudunounisiansdeyaiitewdsumiondmiunmsinmgiuasaiauuusasdunmsneinsaidoya léun
1. madnidenteya (Data Selection) lnsidenaadnua (Jadoviowonvizded) andeyasduat Jefidedaden

Foyanniadlasdadoyadiudrdouson aundedoyadil swadndnw nansifeuwaivaray antunwinfnw

Tsadouiy nansSeuedsusndn 9nTnden seletan 01dnansa s1eldunsen srwauditdes Tnsdnw aadeu s

Fo3v1 wheie sedunanisSou
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2. mandunsestoya (Data Cleaning) Wun1siadoyaiianaiauarbiauysaioon aundedeyaiuguilédmiu
Wlussaianasaladnuau 1,025 518013
3. Mautasdieya (Data Transformation) TeglusUuuuilansnsninluiinssvideld dil
3.1 sudoyannaudnliiunsafentu eelidoyatugrulunsman
3.2 AnuakennIIdsEBEIaINsANYIdIR LIV TUNIANEY MATeu ATI9E0UTTIZIIANTY
Hulumuuaunsinuwiels il ideyanuonvituissamesanunwifudmsuinsanssesna@nwmuum
3.3 SNy ladseiuNamIFouTEiv AnanansSeuadeseiv uddndu 3 ngu fe (1) ngueivily
ANz (2) nauTgivuenany (3) einauniw uazienduenyitadneinildsunanisitou w
3.4 unuAuazuUastoyavamusliogluzuuuy Nominal sismn
3.5 danguanunmindnwdu 2 ngude dusanisiine Wuanmilndnw wasimuadusatadmuneg
lerhunsulastoyauds aundosemsieaus iy 882 518013 (310 1,025 318N13) uaskaveanstiendoya
linsvdenndnuae (wonvstm) fiavua 14 uavv3tad fanaedi 1

£

M13199 1 Mensaudnvagalilunieszideya

AMENwMY AesUY Adoyaiululd
GPA wamiﬁ'aum?ﬁlaxau low = 0.00-1.50, mid = 1.51-2.50, hi = 2.51-4.00
GPAIn Nan3SeuRasLInIdn low = 0.00-1.50, mid = 1.51-2.50, hi = 2.51-4.00
oldSchool anuAnuILAL school=15313811, collage = AMe1a8, nfe = new.
fathercareer 213ndnn unknown = liisey

noneincome = laifidula
own_business = AU18/55A3d U6
agriculture = LNWATNT/UTTUS
freelance = 91NdaTE/5UIN

= government = SUSIUN5
mothercareer DIYWUITAN ® v o
employee = WUNIUW/QNINAUILITULDNTU
emp_government = WANUIIVNT/GNINMUIBNUTIVNG
state_enterprises = 3§3a N3

etc = 5‘146]

fatherincome 1elednn unknown = laisey

)

none = lufisnele
low < 150,000 ol

motherincome | 518ldan5m medium = 150,000-300,000 uwisial
high > 300,000 U nsial
sibling Sruudites none = lalfifit/as, one = 1 AW, two = 2 AY, three = 3 AL,
morethan three = 3 Auduly
loan an U/t yes = lounu/gey, no = ladlasunw/ ey
havew fn1saaus1eivn (dewnse w) yes = fnan1siseu W, no = Lifimansiseu W
GPAInside wansi3uedsngiivluan low = 0.00-1.50, mid = 1.51-2.50, hi = 2.51-4.00
GPAoutside Nans3udsnguiviusnauy low = 0.00-1.50, mid = 1.51-2.50, hi = 2.51-4.00
GPAlanguage mamsﬁ'auLa?{aﬂfjﬁmmwwmmzwm low = 0.00-1.50, mid = 1.51-2.50, hi = 2.51-4.00
graduate A0UNNTNAN Y yes = @153n15fAnw, no = NuanwndAne

A1sa31aLUUINaBY (Modeling)

ARdeldlusunsu Weka Tunisadiswuudnaes wagldinatinnsliasgsiantmingie3snis Gain Ratio, Chi-Square

= ' o 1% o

waz Correlation-based Feature Selection (CFS) TunisdndanaaudnuvagidrfgysiudunisasisiuuinaeaieiSeouiiou
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UsgdvBamuuudnass lawn (1) Decision Tree (C4.5) (2) Naive Bayes (3) Multilayer Perceptron (MLP) Neural Network (4)
Support Vector Machine (SVM) fauanslunmii 3

AIUILANTAINUILUUT1a84 (Evaluation)

H338mUsEAnTamvesiuuingenieds K-Fold Cross Validation (10-Folds) IneiU3euiiisuan Accuracy,
Precision, Recall, F-Measure Wag Mean Absolute Error (MAE) mﬂmimaauLLUUﬁi’waaaﬁa%ﬁqgfw%% Decision Tree (C4.5),
Naive Bayes, MLP wag SVM $aufunsfinidenanudnuaizsie Gain Ratio, Chi-Square Way CFS fanmil 3

YATDYA

v

l¥n1sAndenmadnuae (With Feature Selection)
(1) Gain Ratio (2) Chi-Square
(3) Correlation-based Feature Selection (CFS)

A 4

LildnsAmdenandnuaey
(Without Feature Selection)

v

A5NUUUTIRABINITNEINTA]
(1) Decision Tree (C4.5) (2) Naive Bayes (3) Multilayer Perceptron
(MLP) Neural Network (4) Support Vector Machine (SVM)

v

Y5zl uUsEansnInnaLuuINges
(Efficiency Evaluation)

AN 3 NTTUINES 1AL USERUUSEENS NNUBILUUIIADIANDNYINTAIN1TOBNNANANTBILNANEN

'
YA o =

HI3LRRNLUUNINAARINaanAdasiUIngUsTatin1sITe Al

U
§

1. a¥19uUUdT003#287% Decision Tree (C4.5), Naive Bayes, MLP uag SVM 91naadnsaieiavun 18 wonvi3d (s
3197t 1) wdalFeudiouUssAvBnneen Accuracy, Precision, Recall, F-Measure ez MAE

2. AntdonAuanyuen1838 Gain Ratio, Chi-Square lasldinmainisAuniuasIndudu (Ranker) wuu
GreedyStepwise waz3d CFS 4l Filters AttributeSelection vaslusunsy Weka

3. @319UUUI1884A18735 Decision Tree (C4.5), Naive Bayes, MLP uay SVM mn@mﬁﬂwmsﬁiﬁmﬂmiﬁmﬁan
AudnvardiisunsuuLenyItATlinnnsiadudiufie3s Gain Ratio wag Chi-Square Tudndau 50% voswenv3
Dadanun wazsuauiyifunadiléan CFS AfAmnnIn 0% waUSsuflsuUseansnmaneen Accuracy, Precision,
Recall, F-Measure ilag MAE

4. Yuamniivesveiaiauudrasdude 3 AfiAn Accuracy geflan iloiiinyszavsamvsanuudiasslunis
NYNIAINMTERNNANALTBILNANY UAIUSBUTIEUUSE AN nWAIBAT Accuracy, Precision, Recall, F-Measure Lag MAE

asuuvuInaesiuldeu (Deployment)

ol LLUUﬁi"laadﬁQﬂémeszusT'l wey ananseniluimunssuunensaimsesnnatedu Tugduuuweundintu Wiindnw

AUSTIS JSuiiaveundngss 1iuseneunmsdndulalunisuSmavdngss dan1siieunsaeu sadauimsaudssanasioly

NaN15398

nans3e udseanidy 4 @ feil

1. nan15USBuLTisuUsEansnmuewuusiaesiias1edaeds Decision Tree (C4.5), Naive Bayes, MLP uag SVM
mﬂﬂqmﬁﬂwmsﬁzmm 14 wenvistad (lWlaldnsAmdenaadnuue) IGuananafaniseil 2 Fewuiiasulsseaula (Ca.5)
Tnannugndesgeiian

avanslag Aaly Imemans unI1ImeraseuasIveIl
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M19199 2 wan1smUsEansnmeesuuTaesililalinisAnidenauanuuy

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. Han1sARLADNAMANYMEAI87T Gain Ratio (GR) kag Chi-Square (CS) 1ngn153ng Uy (Ranker) was3d
Correlation-based Feature Selection (CFS) #U71 GR way CS lanaansinanesiulaauanyvstns 6 suauwsn fAa GPA,

GPAInside, GPAOutside, GPALanguage, loan uag sibling @35 CFS NdA1uinNInAd1 0% i 4 wen-n356 lawn
GPA, GPAInside, GPAOutside kag loan #4A1519% 3 Nalkann3tIni 14 Aeranaivung

A59dt 3 HANSARGENAMENYALAILTS Gain Ratio (GR), Chi-Square (CS) uag CFS

Gain Ratio (GR) Chi-Square (CS) CFS
AR Tidnanau

1. GPA 1. GPA 1. GPA (100%)
2. GPAInside 2. GPAInside 2. GPAInside (100%)
3. GPAQutside 3. GPAQutside 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. mothercareer 7. oldschool (0%)
8. havew 8. oldschool 8. havew (0%)
9. mothercareer 9. havew 9. mothercareer (0%)
10. GPAIn 10. fathercareer 10. GPAIn (0%)
11. fathercareer 11. fatherincome 11. fathercareer (0%)
12. fatherincome 12. GPAIn 12. fatherincome (0%)
13. motherincome 13. motherincome 13. motherincome (0%)

3. wan 15 UTIULTIBUUTZANSAINVOILUUTNAD991d51367875 Decision Tree (C4.5), Naive Bayes, MLP ay SVM

Mnuenvtiildanmsfadonaudnvazlnefiansanduiu 7 uenv3tad uaz 5 uenviddod lduauansdemsned 4 da
WuITIE MLP Fieumsdndennadnunsiieis CFS uavandwiunndnumzivae 5 uonvisdalinarugniesgsiign

a. 9rnsamsveanslude 3 §AdeTsusuaminimeslunisadisuvudiassieds MLP Wileasisuaznaaaum
UsyAvsnmveauuudians dail

4.1 U5uAn Learning Rate TsflAmindu 0.3, 0.5 wag 0.7 Auasiu

4.2 USusuilnuatuteu (Hidden Layer) ¥4 MLP TiflAwvindu 1, 3 wag 5 auaneu
4.3 MAUAA1 Momentum WiAY 0.2

1.4 fwunantusutoyatioudn (nput Layer) winiu 5
4.5 ﬁmumm%udﬁaylaaaﬂ (Output Layer) winfiu 2

FINANITNAADY WU UUUT1ADINIANAAIUYNABIGINEA AB LUUTI09Ma319970 Input Layer = 5, Hidden

Layer = 1, Output Layer = 2, Learning Rate = 0.5 8y Momentum = 0.2 Fam151971 5
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M990 4 HANIUSEAVTNMURsUUTIReITINAUNSARLEENAMEN YL

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 0.1602
Multilayer GR/CS 7 89.17 89.20 89.20 89.10 0.1389
Perceptron &) 89.05 89.50 89.10 88.80 0.1397
CFS 5 89.90 90.90 89.90 89.60 0.1431
Support Vector GR/CS 7 88.44 89.90 88.40 88.00 0.1156
Machine 5 88.44 89.90 88.40 88.00 0.1156
CFS 5 88.44 89.90 88.40 88.00 0.1156

P a a ° A Y Y aa i o o A 9 Y aa
M1519N 5 Nan1TIUTEEANTANNVDILUUINGBINATIAIYTS MLP if\lllﬂ‘Uﬂrlﬁﬂﬂl.a@ﬂﬂmaﬂwmgmaﬁnﬁ EES

Model Learning Rate | Accuracy Precision Recall F-Measure MAE
(%) (%) (%) (%)
5:1:2 0.3 90.15 91.00 90.10 89.90 0.1689
0.5 90.26 91.10 90.30 90.00 0.1675
0.7 89.90 90.50 89.90 89.70 0.1708
5:3:2 0.3 90.02 91.00 90.00 89.70 0.1450
0.5 90.02 91.00 90.00 89.70 0.1405
0.7 89.90 91.10 89.90 89.60 0.1391
5:5:2 0.3 90.02 91.00 90.00 89.70 0.1432
0.5 90.02 91.00 90.00 89.70 0.1394
0.7 89.90 90.80 89.99 89.60 0.1372

d5UuazaiusenNan1sIY
sATeildusegndlfinadianisiuniiosdeyalunisiieszidadefidimareniseannarsfurasdndnu
WIne1dy §IFefnwinaziieuiiisulseansainvesuuitaesdunisnensalniseennalsduvesindny USuus
wuudassiieiiuyszavinnsenisdnidenaadnuus uagdiudmaniweiiilituudrassiinaundelasadie
Usramifisuinefiiunseuvaetuiinugniowuazusiug luniswennsalgeiian Tnsnsiinnzideyadidumanuduneu
CRISP-DM Usgnaudae 6 sumau ldur (1) nmavianudilatligm () mavhanudiladeya (3) mawdeudeya @) ns
ahuuudiaes (5) msmuseansamveuuusiass ua (6) mathuvuiasdluldny deyafihunliimunuudass
FwsmNunzilsuinAnyiiasUssaiana nesu3nIn1sang univedeguasysndl 3w 1,029 518015 NARIN
unsEUILNSIHBLTeyaanaude 882 519M13 Usznause 14 wovviddnd dsduundoyasonidu 2 nqu fie naudisa
N13ANY1 wagnauiuaa U ntnAnw 3l4lun1sadrsuuusiass 1éun (1) Naive Bayes (2) Decision Tree (C4.5) (3)
Multilayer Perceptron (MLP) Neural Network wa (4) Support Vector Machine Lﬁﬂ%ﬁ'wﬁumiﬁmLﬁaﬂ@mﬁﬂwmzﬁw
3% Gain Ratio, Chi-Square Way Correlation-based Feature Selection (CFS) Wuan mmgﬂéfm (Accuracy) Y9IWUUIIRDY
dududlewenvidaianaunde 5 wonv3tad uadldmiunisdndonde3s Crs fanugniasgeiian Tnsamzdold crs
v MLP aglamaugnaeddunisneinsalnisesnnansfuresindnuiviniu 89.90% uaghiawdiinnisusuarmiives
199 MLP a¢lsidwmasiannugniosnntn udaiinfiaadivinlinugniesesuudassfistudy 90.26% onisududn

avavslae AazrInermans unineragguasvsil
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Learning Rate winfiu 0.5 Saenndaafiuiuddaves Sriurai (2014) fifin1siueuiiisusuuiiasdlasetneysyamiion
samfunsimdenaudnuaziuusiag lunssuuniiaelsaduams Fsnsdndenaadnuneeds CFs Taugndes
gefian anuanside wuin daduddgyiinadeniseennansduvesindnuwuminends 1éun nansiSouadsazan (GPA)
nan1s3eundvavaunduiviluany (GPAInside) Han1si3oulaAsaraunguisuonamy (GPAOUtside) uanaIniiganyi
Nansl3sulRAUaYaNNEIIvINTY (GPALanguage) MIfBuvdenuns@nw (loan) Aluiladesesiiinasioniseannansdu
vostinAnwuduiu waziidadsvassiuauiides (sibling Adsasieadnuiliuudadely saiarunsananlasagd an
namsiseuandliifiuinausalfimadansdnidonaudnvasiiieuiuustaniamussuuiasslunisneinsainisesn
nansduresiindny uardiannsafiulszansnmusauvudiasslassisussamifteslifinnugndesudugunniu s
annsahwuuaesluldinwssuunsnensainiseennanAuvestindnyuminedele

sAfedannsofadesenldlaemstianginnuduiusvesiiadeiifinadonsoonnanduvestindndsens
Uszgndlfinaiianganuduiiusvesisnsimiiestoya uazdsannsaiaudeseniiieairswuuiiasdunisneinsaing
ddansfnwineluszeznaiindngasimuniieligiAsrdosamsofamuaaiuniwnisdnwivesindnu e
Hewdetnd@nwilidisonsfinwnuununisinule
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