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ABSTRACT

Student retention rate plays a critical role and serves as an essential
indicator of a tertiary institution’s success. However, not all first-time students complete
their program at the same institution within a specified period of time: some students drop
out of the program. Prince of Songkla University Hatyai Campus is no exception. From
Academic Years 2013-2017, the student dropout rates rose by 19.18%. This research study
adopted data mining and machine learning techniques to explore factors that predict the
likelihood of a student dropping out, and to create a learning model of five-decision trees,
which will be used for the prediction of the student dropouts. Data were collected from
33,930 students of Prince of Songkla University Hatyai Campus, from 6 intakes ranging from
Academic Years 2015-2020, and with 39 variables. Collected data cover students’ learning
achievements, students’ basic information, and students’ family backeround. Data were
classified into two categories: Undergraduate and Postgraduate. As for undergraduate
category, the study found that Light Gradient Boosting Machine is the most appropriate
methodology, as it yielded the highest value of the area under the curve of 93.03%, and
the accuracy value of 89.99%. The top factors that predict the likelihood for student
dropouts include the accumulated (overall) grade point average (GPAX), academic year,
Grade Point Average (GPA); semester; pre-university GPAX; and pre-university English
scores, respectively. As for postgraduate category, the study found that the Random
Forest is the most appropriate methodology, as it yielded the highest value of the area
under the curve of 78.86%, and the accuracy value of 85.28%. The top factors that predict
the likelihood for student dropouts include GPAX; academic year; semester; social and
humanity science; GPA; supplementary class; and Plan A, A2-Type, respectively. In the final

procedure, the researcher implemented the obtained models for making a prediction with



the actual data, and visually presented the results of the analysis in the dashboard report,
which can be used for monitoring possible risks. This will enable respective staff to sive
immediate assistance to the students who are in needs or show the likelihood to drop

out, and help the management board in making decisions and devising management plans

to minimize the dropout rate in their institution.

Keywords : Student Dropout, Higher Education, Machine Learning, Data Mining,

Prediction
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2.1.1 wilasdaya (Data Mining)
n1svinniiesdeyalunszuiunissavsindeya virauareindeya
Uszananatoya wariiasnzvideya iledumdoyaidedanimdulsslovd 1131 19unns
NEINATUTENIIANL AT inwE 1Tl il AunuALENTUS SULUY wazuudli
foya rrudeyaiidaiulisuiumn Tneldmaluladuazadiinisndnmans (4] iilodum
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1. n1552us2ndeya (Data Collection) n1353usandoyaifudunouds
anwddny msruTadeyaingnimiulilugiudeya viendsfeyadmiunisusvananads
sodldansanas uasnsatielunisussinana
2. mnwnamé’nwmzLLazﬂﬁﬁwmmazam%’aQa (Feature Extraction and
Data Cleaning) WlefinsdaiAusiusiudoua doyasinlieglusunvuimunzaudmiunis
Uszanana Sudueshmawdasdoys vislassadedeyalimngay suddduneunsuen
AudnuzuarnTANarendaya \wu Jeyagnye viedeyafianain Sstumeuiidu
Sndumeuiiddyronsruiunsiuniiosdeya
3. 115UTEUaNALT9ILATIERLAL AN (Analytical Processing and
Algorithms) lutunsumsiinseiifiusyavsamannszuaumsUszananatoya [13]
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1. Predictive Model Aouuudnassfiadrstuiitonianisainadnsd
lWIzlazsrIeAlUsUmne 1wl atla Multiple Regression, Logistic Regression Lay
Decision Trees

2. Description Model #ouvudtansiitaeldrlatoyalditu Il
fudsidvneianie Junadauuuiiasadanssaunilddumly ldud mslinseitade
NTAATIERARALADS LAZNITIATIZRANEUNUSHN ¢ [14]

2.1.1.2 sEUUNSUIATEIUd T uwmliastaya CRISP-DM (Cross
Industry Standard Process for Data Mining)

wuudnasamilesteyagnaiiauuusuldeing o wnine arevdaleiiia
fomnasiimfufefunszuiunsasgiudmiumilesteya danssuaunisiFendt CRISP-
DM (Cross Industry Standard Process for Data Mining) [4] Usznaunie 6 Fupau loun

1. A1111an19g5A3 (Business Understanding) 3jattiun15v1ainy
dlataquavasdrodasamsluyumossia ussulasnnudiiduminnuesdamnis
mileadoya

2. avundnladeya (Data Understanding) vinmnnuidinladeyanionis
swnuteyasazimuadym

3. MsmIeudaya (Data Preparation) inseudeyalinsaungu uax
wUastayainseuasnaiuuingad

4. M3a$anuudnass (Modeling) a¥1suvudiandsing 4 Mmsnzan
fgnitaziiluldan

5. nM3UsEIiuRaLUUIa09 (Evaluation) Usziiiunuudiasiiaz
lUldanuasamuingusvase

6. warnsUSUld (Deployment) n1sldeunuusansiiasretu [14]

Fanseurunsunsgudmiumilostoya CRISP-DM anunsauanslinannig 2.1
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A 2.1 n3zUIUNNS CRISP-DM (Cross Industry Standard Process for Data Mining)

2.1.2 wmilasdayalian1sAnuya (Educational Data Mining) Wa¥n13
3Lﬂiﬁ3ﬁﬂﬂit§8u§ (Learning Analytics)

msvimiesoyaluseiugaudnei (Data Mining in Higher Education) +lu

a0

iwsesllenyrgliumingrduaiunsamanisaldeyandvinisiaegnsdiiussdnsaiwm [4] ms

% P

nmilesdoyaiionisnwinasnisinsizinisnieus Wuwmadanisimiiesdeyad
mnudRyensruIunsBouiuasnadnililatnguminendegelusl in3eaflofiaztaeudly
Jymuazatvayunisdadule aduayunsBoudsenues nszuiumsiisidestunns
Seusiuiu n1siney n1sUsEiluke Wy TUsEanSamnsiseuLaz dnsIn1seRnNnaneu
vaatnfnwilagldmata 1wy n1sdnuundsenn (Classification) n133mngy (Clustering) ng)
msidleniles (Association Rules) ansnsautsnsiiaevioondudiiangn iun

1. mﬁmeﬁmﬂ%‘auiﬁaﬁuayué’aaﬂamﬂ’;ma% (Computer-Supported
Learning Analytics)

2. M5AATIERdaananisaiflatuayudiensufiaines (Computer-
Supported Predictive Analytics)

3, m'ﬁLﬂiwzﬁwqaﬂiiuﬁaﬁumué’aaﬂauﬂama% (Computer-Supported
Behavioral Analytics)

4. uazN15IATIERANTNARNIN AT UM BADNTRLADS (Computer-

Supported Visualization Analytics) [6] nM153as1evanunsauanslgsening 2.2
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- Satisfaction predictive analytics
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AN 2.2 milasayaiiensfnyikagnsIATIeRnIsses (Data Mining EDM/LA) [6]

2.1.3 M13138U3vuA304 (Machine Learning)
nsseusvennendugluuunsitasgideyanieuuuinaoadnlud® &

Juanvwmilsveanaluladanu Al (Artificial intelligence) ULWIAATIINSEUUAT 9 @131507
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wBouiuaziiufduiusiuyadeyasiis q udsamsaszyguuvuding o MAsTuthlugnis
dndulaldieslaglisududosfianiuyud (15 anudrdrinaiiuegradunianisves
tAnermanineufimes Tom M. Mitchell Tifddnaumsisoudvonaiesin mseus
lelnelideadoulusunsudiniin Taondninatesanmnsadouianussaunsalifieusulse
Usgavsamlusuanmuuszaunisalfindrondstu [16] Yagtufinsinisizoudvennies
wsuldiumsvhausuiuunndlunissnelsausse fretdnnermansuazimnslunis
ponuUUasesAnIITAITes silufannngsia 83dng nnsg waglsmenuia feg
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2.1.3.1 Usstnnvesdanasiiunisieuivauasasanansautsididu

1. MaiSeuuuuiifasu (Supervised Learning) Wlunisiseuinield
nsguaanndeyanisiineusy fislartheidu Insldgadnvuzdinarifieduundeyalu
aUIAA LU N153MUNNgN (Classification) N130An8Y (Regression) M58N15AIANTH
(Prediction)

2. nsseuiuuulididaeu (Unsupervised Learning) vunisiieus

[ I

1 ax Ay = = Y ° = Y] a ]
LL'U'UIN&IQ@LL& L‘Uu’)ﬁﬂ'ﬁﬁ/m@i{l]aﬂ'ﬁﬁxlﬂaUﬁﬂJ‘UﬂIﬁUﬂqsﬁﬁqﬂLLUUQWaaﬂlﬂJﬂﬂ'ﬂJaﬂ‘HNSWU@ﬂ?“ﬂ

Y 1 |

Usztandiegne datudaldaninsaszylaitAdeyalaluusazuaigninyseiavniednng

wuUdaedIsnIsseuAna1rldnadnuvusniegludeyadiegraietsysUiuuvaiusiag

nquuaziuaenanvalngulviiudeya de3sl lueavzuloyasandungy 9 dreg19

q

n1siseuiwuuliifidauafanisinngy (Clustering) wagn1siseuiiiioAuningnisivesles
(Association Rules)
3. N19438USUULLESNAAY (Reinforcement Learning) tUun1si3ous

Y89LA30991NN1TARAAABIgNAEldanIuN1sali1e 9 Tagluaalseuiannnisnseyin n1s

d' v v a

andulangndesiaznisandulaniianain deglviseuisvuuuuasdndulalaudugndy

Y

dwsudeyanluidn [17], [18] Ussnnvesdanesfinaiunsanandlananini 2.3

Y

Machine Learning Algorithms

Meaningful
Compression

Structure

Image "
Discovery Classification Customer Retention

Big data ey Identity Fraud i i i
visualization Feature Detgction Diagnostics
Elicitation

R d Advert!:i,sgdgcl:opularity
ecommender : rediction
Systems Supervised

Leaming Weather

Forecasting

Targetted Market

Marketing M a C h I n e Forecasting
Learning Estimating e

expectancy

Customer
Segmentation

Real time decisions W GameAl

Robot Navigation Skill Acquisition

Leaming Tasks educba.com

AR 2.3 Uselnnvedanesiumsiseuivesasad (Machine Leamning Algorithms) [19]
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2.1.3.2 vN7AnYY099ana39un15i38U3vaaLATaY (Machine

Learning Algorithm) uusaanidu

IS v v 6

1. N130A09Y (Regression) AAMUAUNUTIZNINNALUTAULALAILUS
fase duvsithmnelidnwazdusiay luvasiidudBaszoradunnangviosavils

2. M3daUsean (Classification) 1un1sdnuszinndeyautseanls
Yy Binary AesuwUsitvanedliiesaenadns wu 0/1, 14/ldlY, 959/1919, Multinomial
AomuUsitnunefiivatenadns 1wy Mango, Orange, Apple wardu 9 uag Ordinal fig
mwdsidmungazgnisesdidu Wi nan1siseu [19]

9/'191 v a

2.1.4 dulsinnsangula (Decision Tree)

auldin1sfindula (Decision Tree) Aadane3iunisisouiveunsosussiam
N19438uTLUUNLaoU (Supervised Learning) Lﬂmmasuaaé’aﬂa'%ﬁmﬁamaaﬁ’muﬂ%@zﬂaL‘i“flu
| P ) a A v a v = v v a )
nauaanalagldnadinuairingitownigauestoya Felassaianmsindulauseneusie
1. 3nIMun (Root Node) fio Tnunatelududugasuduveiwnuianis
Anaulasing q aueveInaEnYY
2. Inuan1sdndaula (Decision Nodes) fia Ardtdululavasnisinaulaniy

wa < [y 1A 9 1 = = < 1% ! '
AavantAvesu Wunadnslavselily vinsdlenalimnulululaunnnitasseens

[
14 a

3. Tu (Leaf Nodes) fio nssindulatugaiiela duliiasduanadlaslnun

v
= %

Uanggn (n3efiseninlnuavatenn) Jauansdensaniunisiiazietududunauiainyn

99n159RAULA [17] @UNSOUAALHUEIN1SARAULalARIN WA 2.4

decision nodes root node

salary at least
$50,000

Decision Tree:
Should | accept a new
job offer?

A 2.4 wuransenaulavesnuliinisdndula (Decision Tree) [17]

leaf nodes
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Usglevilvasdanesiiunisdnaulase lassadisuuuinudsadununananse
i = v o o vy a = o o ax = ° = o v
g1ukazinule Fsillideyadnifediuiznsuazavglumarinnunieliitanulas
fegavensinluldan Wy nsfinwiniseaiafitierfunginssuvesgndn muiianals
Y9INAN wAzN15NgNARzNAUINTEIUTNT ¥3eMsAnYIMINISWImME kazn15Itadeenis
voslsn s [17]

dane3fiunmsdndula C5.0 Insldnusuldnisdndulaunnune wsnildluns
Tdnuniduniinuniigaedanesiiu €5.0 Wudanesiiufilasumsimuilaeinivemans
ARNMBS J. Ross Quinlan 1unesduusuusmesdanasiiu C4.5 Fulunsusuugilinau
ni18ane37iu Iterative Dichotomiser 3 (ID3) dane37iu C5.0 lanateiduuasgiuvessuld
nsinaula Wesnaunsaldnuled hesemsldnuuaznisinudila Weameuiuluna

a b4 d‘ :’1 P o U LY =~ v A ! v 2/ Y a
N538UTVRAATOIUEIDU 9 dmSunisTaiiessydudennisuisesiuldnisdnduls C5.0
9eldfoulnsy (Entropy) MunwiRnnguinisdunionismanuraunfluyavesnaia lny
Al = = I3 Y vy a = !

ulnsUgasdanuvanvaeuingagauszasavessulinsaulaiennisuuuazaniou

= ] [

15U MU UlnsUiANAg@09A1A0 0 89 1 d1%SU n AaNd LAULNSUYIITENIG 0 DY

[ '
a1 w ] a0

log, (n) Tuudaznsd Ineadgausdindregsiimunainnaiedes Tuvasideange

MNgIRAReg9dANUKaINaNeNIn [17] Auialennuaunisy (1)

(o}

Entropy(S) = Z —pilog2(p;)

=i 6

?

95

Ao YAvastoya
C Ao uuvengusiwlsniy
= 1 I Ly 1 Y 5
p; Ao AMUUILLTUYDINILUTHNU | ABAILUTAIUNINUA

[ 9 nguvasiuwlsmurianun ¢ nay

lunsldeulnstiiemvuanudnuuzivinzay azAmuasuaeukUa

Tsiauvainuaisanas dudun1siniseninnuansawne (Information gain) 145U
Auanvaz F awasinanuwansisssninaeulnstludiunsunisudsd (Sp) wae

wsaduAnnnsuen (Sy) (171 Awnaldauaunsd (2)

InfoGain(F) = Entropy(S;) — Entropy(S,) (2)
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o 1

Anudutdousdanilidendsainuusdiudoyandd dayassgnuiieaniiu
wisATuInnImiennsadu fedu feddulunsduateulnst (S;) Fedosfiansanieu
nsdsmanmsidunisnun sildlaedaimdneulnstaesudas msatunudadiuasn-

AosAluNISATY [17] aansaszyduaunisi (3)

n
Entropy(S) = z w; Entropy(p;)

] 3)

o

P A a " = = ! sa
LQUIVWUVN‘WNWVILﬂ@"\]’]ﬂﬂ']iLLUQﬂ’Ju@I@Nﬁi’JNGU@QL@‘UIVWUGU'@QLL@@%W']i@sﬁu

N wshduiidrsdmiinaudndiuvessegeiioglunsidu (w;) [17]

2.1.5 M3l38unanguuUsuiy (Ensemble Learning)

HunsBeuiildsuuuunisBeudvansuuusuiu lunmssuundseian Tne
Mdushanniftedendinou feisimuianananduendssamguunssagbidwase
msdaUssiamaslaidusnussiangudnilvgjsaunsaduunussilsegiagndes [20]

nMsBeuvansuuumiuihauldfidesuenussangiuiinumaninnane
vidasuenussamguidagiiauduiusiuiesndt esmnnsldmuenussnnguily
fianuvanuangazisanesiuuaylasairsimileutuniondroadeiuiiagliuuiltuioy
yunsnadndiFetulumsdavanany fafunaildarbiunndsannislifuenyssamiiios
MiAed MIseuivateuuuNiuaansanudls 4 Yssian loun

1. Bootstrap Aggregating or Bagging L“fJumsejuéﬁ'aasmsiaasuaaﬁi’faagams
fneusuuasteuadluioddusie 4 veswvusasuiortu wazaniutmunazansiuly
nouheLiielmanadnsanrie

2. Boosting \lunsadrauvudiassiitiengaseunisteiianainvedlung
reunthilldteyansfinuasnaaeulunaumriaudnvuglaiiliisdenatn ey
dunudnuazmanivlulueade 1 U fuheantoianainveslunals

3. Bucket of Models LﬂuﬂfjuimmaﬁLmﬂﬁhqiﬂmﬂLamimaﬁwmmm3
aAnsaiunas Tngenaaglduuusiass Wy k-mean, Decision Tree, uay Regression 13y

(%
o

Sufulugadeyanisineusy wagvinsaspzwunliiuransIavsanytugayng
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4. Stacking \Junislduuudrasamaiadiludeya udrsiunadndidiseiy

v =t

Agglaianil Wielilanadnsanving [21] Fan1dnenssuvesnisisouinalswuuiiuny

AUNTOWERILAGININGA 2.5

learner 1

learner 2

combination

i 2.5 anndnenssuvesmsiseuivatewuusiuiy [20]

2.1.6 usunduWaLIaA (Random Forest)
LsunauneLsad (Random Forest) Wudanesiumsiieudnteniinisiseus
] o ad DA v a = Y vy v a = a4 o Y
vanguuusniy Tiugrandulinnsdadula Wesnduldnsdedulaiidymilevhaudiu
TayanIURAUNG AURAUNAGINE1YIN AR Overfitting usuneuvlaLsangnldiiounly

[
v A

1908 Tneld35n151RA8d1UNSUAAIERALAY WAZNNTAIASLULLALIYNUINAINSUAANE

Do X

U8
yanany Sefeyailiifutoyanisiinouniluusunomeisaiazgnduandoyaismavious
azunuisnsandulalaglideyafiunnsisiulunisaiauazannsauidgmaruinunfves
Joyale [22], [23]

Out of Bag Samples lunsadauuusiassnsiSouivenios doyaazgn
wuseanuassdiudayanisineusuuazdeyan1snadou waanindanesfiunisiseuives
Asosedoyanisiin deyantsmnaevarlfifieTnussAvinmuaauuudians nsvurunsil
\Hunszuaumsnsaasule? lunsdfifeyavunmbndmansenusenszuiunisnsivaeudn
faudnszuumsesidsdoyasenduassdiu silvdeyandsmnuusienifuluiinglddms
Hnvisenaaeuluinaliegneliusya@ninm [23]

wsunuNeLIan 1435 Bootstrapping Lﬁaa%qﬁﬁa;ﬂaﬁm%’uuﬁiamwEJmi
suldisaaulady anisdasidoyausdniililigniden Senirdoyaward Fsarnnisads
unuisnsfndulanazusuneuveisadayliteyamariiiudoyanaasuveunuianis

AndAulIll warsIUTITaRANAIRINLHURINSARAUl LR YR YT UTUABNIBLTARNAANS

vpsAadedeRnnaInfetaRanaln Out of Bag Feldidumivstused@nsninvosusunaw-
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Wolsas laguinA1uestailanann Out of Bag WNUU LAAIINUIEEANTANVDILIUADL-
Wolsasianas [23]

WHUNINAINNE AT (Variable Importance) LLsumamWaLiaﬁmmsmsu
anantAf Ui uanRlafinnudAglag agldiegne Out of Bag Samples Lileas1g
ns¥nauddyiulsfiunndsiy Wunsiavesnsinnevesiulsudasia deduldls
3 #9813 Out of Bag Samples awgnasraludeiulsl uartufinaruusiugilunsvuigly
Ny AdmTuiulsaTgnIntesuuuduludiegne Out of Bag Samples WagAUIMAI
wiughdnads aruulugfianasdunamannisisesdudasuiasihuedsunsulivmun

Y @ Y] dyq./ o w % I3 o w
LLﬁ%I“ULU‘IAW’J%’J@@’JWN&’W@J%B&@’JLLﬂiIULLSUQBNWBLSﬁG} [23] BANUNTINAIUEIALYF1UTT0
wanalARININg 2.6

Gini Randomization
table Il table I
parts [l parts
cs Il 3d I
3d addresses [N
addresses [ direct I
857 I report N
415 I cs I
direct [ make I
conference I 415 I
project [N # I
original 857
report conference
telnat cradit
lab data I
[ project NG
85 . pecple N
technology [N teine! N
data I lab
fort I originz| I
credit I address I
# I 85
make I | I
people I labs N
pm [ all
address I order [N
order technolegy [N
labs mail
meeting font
850 H
H email I
mail over I
over I receive I
receive [N m
re I

(
internct [
1999 I
business (I
hpl

0 20 40 60 80 100 0 20 40 60 B0 100

AN 2.6 LuunNINAUEIAEY (Variable Importance) ol sunounaLsan [23]

IINNIND 2.6 AD WNUNNVDILTUADUNBLTAN WNUNINAUTRDAMEN UL

d1Atyuad Gini Splitting Index d@3uknuN1NAIUUILEN15dU Out of Bag Samples Lo

AMNAAUAIATDIRILUT FunainfliunlunnisnszauaudAyesvalale [23]
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2.1.7 NMAEUYNAL (Gradient Boosting)

ndeuynis [18] WuBnmadianisSeudvatsnuusiuiuiivisassyasuld

[
) [

= P o a DR a I3 Y]
faztunaulaefidmuneifieanilsidunisaydadmunglidosian e1duaniluaiunse

AuIlARNaELNSA (4)

ye = ) afi(®) .

l

'
o o

fi (x) JDuilsdduiuansiisnisiseuiniaiuudugsi (Weak Learner)

ganesnuillduuiaalunisiiulassasienisdndulalndlundaztunsulaeisousain
Y a | o P s o = Yo o A
ToRanatnnounin Weanflendunisanide lngldisadlunsiiduings lnen1svigngean

Mamedileritu (Method of Steepest Descent) fuanildmsaunsdi (5)

VEF = yB + api1 S (F) (5)

naININTuaNN1TIzUAsudunuaNnIsa (6)

Yyl =yl + apq z VL(yTi,yEi) where yr. is a target class
- (6)
L

2.1.8 laviniABuynAuusdy LightGBM (Light Gradient Boosting
Machine)

a

¢ a e = o, as da a a o
laVlﬂ']Lﬂ‘EJUUVlGNLLlIGUSUU L‘IJL!LWi:uL%iﬂ%mﬂizawﬁmwaw’eNﬂWiLiEJug‘MmEJ

Y Y

a

wuiilagldiulsiinauls Tnglavinudsuyniouseduaglddanosfin Leaf-wise Aoiu
MsAUIAIANRgARTIaRRou (Best-first) iiloanladdunisgaydelinnniuuy Level-wise
fidunisfumaiuuundn Oepth-first) Faduisaegludulsidadulamly silsanesi
Leaf-wise fiA11gndaa Amnuwiudmaza i1 egrlsinudaneiiu Leaf-wise
Aillonafiaziin Overfitting ”Lé’Lﬁai%’ﬁ’u%azdaﬁﬁéuumﬁﬂ [24], [25] danasyiuausawandle

NN 2.7
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® ° ® ® <
‘ ..#. .-. .# ......
® e # ® o - ...... 6 o ¢ o
® 00 o T
Level-wise tree growth Leaf-wise tree growth

AN 2.7 9anasVy Level-wise way 9anasyiy Leaf-wise [25]

2.1.9 @ndnsunfsuynis XGBoost (Extreme Gradient Boosting)

a a

2 ¢ & [ = % ] v Ao v o
WBndnIunuRguynas [26] iWumseuinatswuuiundnetduling
Anaulavaty 9 duniinugiuandanesiiunifeuynisiiesniuuanliaunsausuvunlags

[

Togusvasdiieanilandunisgadeliiosiian lagaziseusananuranainneuninvinlid

ANNgNFBY ANUKIUEIINTY Teandunisaanisagydelagnisarunuadududourasiuld

wanslamuannsi (7)

Lgh = iuyiﬂxa) + i 0(hm)

i=1 m=1

1
Q(h) = yT +§/1||w||2, ®)

)

auaunsa (8) lae T Asdnunuluvesauliiiay W AoAzhuuIDINaans

va3lu lnga1ves ¥ WuAidiniuaunisiiivannisagidelunisuenlvunniglu (ntemal
Node) #ainaiian1sdusiiog1s Randomization veddndnsunABUYNRAEIITTIL LAY

Aanusalunistinuuudiansuaziean Overfitting ¥asuuudiansle

2.1.10 @aARuazA1uKLUTUTIU (Bias and Variance)

oRfuazmuuUTUTIL [27] WudeRanaravdnvesnisiioudvenies and
fodhsanuianannvessaneiiuluyndeyanisiineusy Wedlyndeyaifumaluguin dau
AuLUTUTIY Aednsianuiianainvesdanesiiuielfisuioyayanaaeuivyndoya
Hnausy ﬁﬁ?Uﬂﬁiﬁ]SﬁEﬂuﬁ%]c’]ﬁ@ﬂ’l’mL‘ﬁlaizuﬂ’]ilﬁ@ Overfitting wag Underfitting 1a31
51fin Overfitting 9z1AnaNHadNEaINSane3TiuATinauuUsUTIUgIUsBARA MnBRI1Y
Méanesfuilvhanldftudeyaysfineusuuslsiannsniiluldausiald saefl Underfitting

saa

ARINHATNEIEANWUTUTINMWABARES Mneauindanasiuilihnuldaiuyndeys
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(% [
=2 (% =

n1snadeuNINNigadeyarneusy Felerurisansdisnaunsaseyladuuudiaeeile

Y

aNa o

wanzauvizelsl drunsdiidaneifiudnadndidanuulsunuduazenisn mneauin
SanesfuifivssAviamiidausaaulddfuimadeyanisfinousuuasyateyanis
naaey nsvhardladsddislanunsadadulaldhmaiudeyanionszuiumsisou 1
reUTuUTUsEansameganinaunseldl LanunsaaneafuarausUsUTUlAngld
wadareluidl

2.1.10.1 wailan1sanani mndaneiiuilendiigeanunsoananilé
Tneldinadawanil

1. Wfinvuianuudiaes W mafisaweiniewaduszamlulasetig
Ussanidion wiinismstannsnanenild Lwiﬁﬁjuml,msuaamwmmw'nuﬁﬁmﬁuﬁﬂﬂa
Ugyn Overfitting Lﬁaaﬁ]’mLLU‘Umeaawmmuﬂ%@%’agamiﬂﬂiﬁmmzau saru rdeddnng
vl fusnsgiu Gahdamuulsunuidutundeusuuuamad

2. iupuanTRiiuANTTIsvinenRvessanediin 1uiedfuitusn
A3t iransaridnendls wisiiuauudsusiy fafuesldnsilndunasgude
i muInsisnuaTRRsALYILAA Overfitting

3. apFevdamsvilduninsgiu fe3sE Ieunsnanonfudiia
ANuLUTUTIULANToN o A

4. Ufudsuandnenssunuudiass vilrlaeaiiasmsngau iy
Uy

5. \indoyansiinousuifiudiu 33nstienadisanaruulsusuld
UINNIINANTENUFDDAR

2.1.10.2 drumalian15anAuLlsUsIU d1nsaanauulsusIu

Tneldmatiawmanil

'
1 =

1. Wiudeyanisinevsuiniiy LWisnengausdeiold deiduves

9

¥
aadaa ! v

TollAedwarondslszananalunisuszananatoya

2. 1iiun139i 19 un1m 537U (L2 regularization, L1 regularization,
dropout) w1 HaraneuuUsUsld wiftfuanglioafuiui

3. nsdenamantivieansiuiuanaul® Ain1stenatisanaim
wlsUsuld usestiinenRlunanfeaiu

4. apvuraling Fsnstiananududouteanuuiiaes wazdwase

NN5AAANULUTUTIU UALEIDAMNTULDUVDILUUTIABIANAT NUBANIIBARBIANLTY
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2.1.11 naAAsziusEansnwnsiseus (Learning Curves)
a ¢ a a =~ v a = v o e '

N3 AT IERUsEANSAIMMSISEUS [27] Aensmiuansauduiussening
ToRANAINANLULTIRRINUTILILYANSHN Tunsadunsteus sdemageudanesii
¥ ~ o ! [ &/ v a 2/ Y @ ! « == a dy
METINYANSENkANAAY A sSeuswandiiuindevuayanslniiady Ay
WUsUTIUnIRTaRANAIAINYANARBUAITANAY MALIINUINEULAIINYANTSRNE LU
mngaNLinIsiinteyadylitieusulsedanesiunisteu; nsidinswinganisinmaned
1NanAULUTUTIU WAAZWNOAR AL NI INaeRTaRANAINYRIYNNISHNYS oA AbY
n31NsLSeu3 SuaziisilsvunyansSRnLTY wenantl danesiiun1sieusiinagyinay
ladfudeyanisineusuannindeyanadeu AuudulisvesenfiniredmilewdulaAses

ANULUTUTIN Ne e gviUsEdnSammsiSeuiannsuansladainini 2.8

error

Dev error

Desired performance

Training error

m (training set size)

AR 2.8 N3 iaTIeviUsEanSamMNsSeus (Leaming Curves) [27]

2.1.12 mM3AAsidaya (Data Analytics)

N153As1ENRYeYa (Data Analytics) [28] ABN151190YAINUNAIA 9 31
a 6 1 [ A [ a =) (% e A v 1 Y
BATIENTIAWNEUTUUTIN 139810 TemuingUszasadu o Ndednis wiseentadu
4 TUNDUIL

1. MFATIERYeYalUURUg U (Descriptive Analytics) 3ATIEVlNOUARIHA
FIUNITNNTIND WNN15] U3RANTINAN 9 NIMAATY viTeMAszAnay

2. MTIATILRLUULTINY (Diagnostic Analytics) IATIeRaNNNVRIFIN
Wetu Jadeanuduiusuasiuusang q Adanuduiussonuuesdaiiiiniu

a ¢ ¢ L. . a ¢ A ¢
3. NTIATIPARUUNEINTAS (Predictive Analytics) N193tAs1zMiiNoNeINTal

[
[

danfdaeiindurseianfiaty Inglddeyamintuldiiuiuudiaemeaia
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4. My Teiwuulviduugi (Prescriptive Analytics) N153LAS1eMdRY A

v v ~

Fudoutian 1un1snensaldeeng 4 Nasindu @ 1of Jaids uazszezial niouli

9

AUUZIINILADNAN 9 LAZNATDIUABZNINLADN

2.1.13 uwavuasa (Dashboard)

mMsdnrisenuiieyiauesazutiiaensinaiy (Bl Report & Dashboard)
Hugaiaseatiolunisdmisenu Tasdeyaiianuvainvarsninsgimeyads
Aldipants azdavihnisunauslugduuuiig q inelunisandulale wu Dashboard wans

Fogan s TusUuuuusunn viouansaniugdad ianan1sujifnusig 9 luasdnsld

[29] @aelildanunsansivaeuuszdnsninnisgsialiedasinss uavueinasfuazdeans

1 a

VOUALUIA anse ESN WU AATIERANNRAUNR ?Lﬂi?“%ﬂwﬁﬂ ALY LariAsIe

(%
14 U a

VOHAVUG LLWU‘UEJiﬂﬁ’]ﬂJ’]iﬂiMﬂ’]ﬁ]@UlUﬂ’]Wi’m‘lﬂEJEJ’Ni’JG]Li’Jﬁ’]‘ViS‘UF’ﬁﬂ’]ll‘i/ﬂﬂﬁiﬂﬁl ET"I

3
I ﬁo\

waztduuselovisonsdndulalunaneds wu
1. msdeasmsiniunuvesgsiamudmnediimual’
2. M3vFulumssuiteyadmiunau
3. msdnszdeudeyanmsuftRnulieglusuuuuiinigdnnisiia
4. msuananmemdiusiTuFau e ERitlahe
2.1.13.1 U20Nva9uasuasn

Y ¢ o ¢ a ‘:4' ! Y]
sUdnwaluagn1sUszyndldunvuasnenafiuuuuiiuanssiuesnly

Fuagiuunannesuindenld nsdimsldnudmiuunrueiausazussinndusgivunuim
vidoypinuziamzvesld lnevhluuavuednazegneldauussinniunnseiu loun
1. UWKIAIUANNITHN91U (Operational Dashboard) LuuATUBSANIS

U dReugiglduaien1eaunsans1aaeuianssun1egsfe wan1sal ¥5enTeuIunig

o

19 9 negsnalusdazFundeyaiinsidsuilasegnasniian vibigldaunsaaniiunisiu

a a

A - Yo A o v a g A A D =
nswWaguwasinulaviui wagvimsdedulalussegduiieiinusesdniam doyansiusy
luwpruesanisujuRnutudusuuiealniduinnit uazazvioufsdainintulugsialu
YaugNINTUILAA

2. WAYURIALTINALNS (Strategic Dashboard) #3aili3eNi1uATUBTA

=

d 'UI%;I:‘U%V’W GZNR]“EL‘Viﬂ’]Wi’JZLIIG]EJEJ@“UENG]’J%’JGW]mﬂjmﬁﬂﬂqﬁLWQ(ﬁ]i'}ﬁ]ﬁ@Uﬂi LANTAINNIY

o =) Yal o v a

3313 'JG]Q‘US%?N LWE]EIUU?MUNZJE]']U’]’%G](ﬂﬂuf[ﬁ]ﬂ?lEJSU’@HaLéliﬂaﬂLﬂEJ’JﬂUﬂ'J'IiW]'W]']EWﬁ@I@ﬂ']ﬂ

[y

figsAaorandglassatulufisiesnuagussiugavesszaninmuaznisnianisainig

<
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Wasuwdadusnasnsmaniu Tasshluudnradstunndeyaiisunulussezinadng 4
1 apmeasedunsi eiieu videnelasina iewiunnliuarsuuuulussezen

3. LAYUBIAILASIEY (Analytical Dashboard) tJuunvueIANIS
Anneitglvgldannsannsinneasdunvesdoyanazatiuayunsinsziaumg iuiege
Tniluaglilasiindinsevgsiauasiuimsatsau iesnideyaideuiun meleseh
Wisuileu wazwwiliiluefnuinninssnndu 9 wasuesansinssiiiusslonidmiu

[V Y]

NFIRTEINMsUisuslasmenuies uwiinisdunudeyaiBadnasluegivsedurinusves

Al wenanifatuanuauaunTalun1TIATIENTUEURLRAY [WUN1IATIEOUTINAUUY

IlUTTALAENITIATIEMESY [30] USLNNVBILATUDSAANNNTOLAAILAAINING 2.9

Strategy Information

Graphical abstracted data with

Management Strategic graphs, charts

Dashboard

Analysi Summarized, dimensional data
natysis .
Y Analytical Dashboard with hierarchies, slice and dice
Monitori Operational detailed data, process
onitorm . .
S / Operational / Static Dashboard centric operational reports
Implementation Data

AW 2.9 USSLANVDILATUDIA [31]

2.1.14 M3AsREYLNANYILALN1TEBNNANNAU (Student Retention
and Dropout)
NN3ABEYRInANY (Student Retention) AensfitinAnwndansaguaziinis
amzdeuluniaznianisAnwauninazdianisdne [32], [33] uenantiwuusnaseny
Adaa a . . A a o a ! | o = a
NOuNLBNTNAv0 Vincent Tinto [32] NeSuretadeidinasianisasegvesindnuyife

Jaduiuaseuniy Uaduauananuazdiuyana wazdadenunisfing) denini 2.10
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[ EEEE EEELE R iGradePerformance e LT R R :

Family Background H [ :
> / D'”‘Erec‘ua' T Academic Integration \
' evelopment | .
H P : : Goal Commitment
i | Goal Commitment H :
Individual Attributes —b— 1 ‘;: ~—> Dropout Decisions
i Institutional [ : : neitutional
H Commitment N : : nstitutiona
H Peer-Group ' //7 Commitment
H Interactions L Social Integration ;
Pre-College Pl i !

Schooling e ' 1 Faculty Interactions : S !

AW 2.10 wUUIIaRIa ey Vincent Tinto [34]

N1590nNa19AY (Dropout) A1INIIUANENTIUNIIAITANYILUIYIR LA LA
AIUNNIBNITBONNANAUT AaNSTELSBugNIMneTeranInaauAnuluvuengsly

dusansfine Teglallganmmainniséreanudine [35)

2.2 9UI8NNYIVD9

Jayminisasegvastndnwluaaidugaufnwivesdseinalneainauide
wuinsnsniseennasfiuvestndnudrulngintulutedudusniidin@ne [36), [37)
ﬂagmﬁgnﬁﬂﬂajmﬁ%’aLﬁammmmaqmiaaﬂﬂmqﬁ’ulﬁaamﬁmumimﬂaaﬂmaaﬁﬂﬁﬂm
fagulszautlymdiuiunin Sw%waﬁlﬁﬂﬁﬁumaamﬁmeﬁ‘v‘hmﬁaﬁauﬂmﬁamiﬁﬂm
waznsitasIEinigieus wuinmadansiuniesdoyaiiddydeada n13iAszinag
annoy ngmsdenles uazmsdnngy Wuedosdlefimunzauuasiivsslovtinlunisimm
fimunlddmiunsannisaideyaiituindnunundnlusysugaunu

2.2.1 Educational data mining and learning analytics for 21 st
century higher education: A review and synthesis

Aldowah [6] hiausnsAnwauidenin 402 sideiiAeafiudnsnaves
nviATgvinsimilesdeyalunszuiunsiseuiuasnadnsvestiniseuluseduaaudnm
wazmuynunsvniiesdeyaifionisinuuarnslinssinsdeuslnaseuaguiifvi 4
s oA sinsgsinsiSoudnatuayuiisaouiiames n1sinsesisnianisali
atfuayufmenoufiames MylnngingAnssufaduayuionoufianes uaynsineg

MIkanIINiseasusenauiames nulndunedefaunsaudlymnsseudl wazdu
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1Jizimu“l,uﬂﬁﬁwiﬂiﬁumiﬁnwﬁzGTUaﬁmﬁﬂmﬁLﬁus’iﬁamﬂwé’ﬂ TnsanzegaBedifeuy
mi:;Lﬂs%mmmmmmmauuauumaﬂaumLmasmumﬂuﬂ fuszansnmlunisaianisal
gﬂwamauia]LwaaswqumaaaﬂmiwgmawwLmzmlm

2.2.2 A Study of Factors Influency Student Dropout Rate Using Data
Mining

Mahatthanachai uazaas [38] hiaueweiiansivilosdeyadidnuiiade
fidamananiseannanfuvetinAnvivesnazingimansuazmelulad unine dede sl
Tnsudsdoyasenifuansyn lnsdeyayausnidudeyaiferfuantunsdnwifudeudh
Anw Jesgmematadulinisdndulanazdanasyiy C4.5 373U 1,433 AU HANNTIVEY
JadeiidsmananiseannarsduresdnAnwaususunsnie nan1siSeunswdi@ne an
Aoudn@ny wazniindmnanisAnw lagiwnadiaduliinisdndulauazdanesiiu C4.5 Tien
ANLYNABY (Accuracy) $ovaz 72.02, 70.11 wag 68.13 mwadu wazdeyaynaiiaesdiuiy
2,568 A nwABIRUNan1sSeuluilagiu Wedmuandngnsiidsuasieniseannanady
vaainAnuilagldinaiiangainuduiusuagdanasiiu Apriori nudmdngasaeuiines
ndngnInwsangy ndngnsadnmans wagndngnsniandidundngnindsienisessnay
ﬁmaaﬁfﬂﬁﬂwmmﬁqm

2.2.3 Determinants of University Dropout: A Case of Thailand

Tentsho wazAme [33] Ynaueni1slduuusiass Logistic Regression Liie
ssueiliseiidsmanonisoannansduresindnwumdneduasaiuniuns Inenanilanid
Vanun 7 Ay S1uau 10,377 AU famedoudousauatnnsfne we. 2550 B9 2554 WU

Y Ty

f19ns1n1seennavAuTesinAnwegisovas 23.9 LLﬁ%éjﬁﬁ’]ﬂ'ﬁ@aﬂﬂﬁ’]ﬂﬁu&ﬂﬁﬂﬁ%m‘ﬂ’]ﬂ

Y

msnedt 2 Wuduly Inefnuladedeyadiuiuarladeaninnisvestindnw laud U
Suaing Ay WA ANELT RANITEEURAERINIABEUT 1 wazuszavnIdisu Kadde
a3ud1 Un1s@inwn e pnawn Agde waznanisiSewelsniaiounsniinuduiusedngg
HedrAgynadfiunITesnnaAUTRItnAnY)

2.2.4 The Investigation of Student Dropout Prediction Model in Thai
Higher Education Using Educational Data Mining: A Case Study of Faculty of
Science, Prince of Songkla University

Theppalak uaganiy [39] Ynauenisidmaliamilesloyalunsinsizinay
ANAN15AIN158BNNANIALTB TN AN ANEINETFNERS W INENSoaATUASUNS FaunT

NSANW .A. 2556 89 2560 Vianua 4,238 ey el 7 Aadnwae toun 38n1sTudsey



23

Fgnen anmunmnisane Heulvnisamadeu nansSeuaisvesuninerds Sminves
Tsaduusisoy waznan1siSeumdsseauisonfnvineuvats Tnonsiuieufisuwuusians
Aulyd 3 wuu lawA C4.5 (48), RandomTree, wae REPTree wazngn13auilslaun OneR,
ZeroR, Wag Rule-Based Learner (JRip) Wu31 Rule-Based Learner (JRip) 1A31ugnsos
aeanlunsiunenadnsi 77.30% lnsandnunriadefidmadioniseennansfuvestindnu
drlngifeatunadnsniensing M nan1sSeuaiediin suwdadimsdisudisou
WAZANUIYN

2.2.5 Student Dropout Prediction: A KMUTT Case Study

uananiifedinuideduilinisdoudvenaiosssandulinisdnauls
1@un Decision Tree, Random Forest, Wway Gradient Boosting 41U398994 Tenpipat Wag
Ay [8] YnauelneldFaneifiuduliinauladnanlunishnsentadefdwmasenisesn
nansdumesinAnwnssdutulsaang WnIne1demalulagnszasundisuy’ Faudd
MsAnwY WA, 2555 89 2562 Sruau 13,714 au wuadutinAnwfieennatadusiug 1,436

AU hagiasnwegiiuiu 12,278 Fauansisanuldaugavestoya fIdelaunludeym

U

] Y 1 v

sanalagldineila Synthetic Minority Oversampling (SMOTE) Tun1sduyadiegataya

4' 4 o = £ % X [ ' 1 @ v/ [ { 2 |
Wieliuudtaslininugndeeuindu wagiinisuuangudiwusteyatdu 5 naulaun

AseUATY, 155, MIAFUNsAne, ANE1Y) wagngudayadium nuIluuIaees 3

1
o w =

wadnsliunnsrsogrsiidodidny Gsuuudiass Gradient Boosting finaugniesgsiian
Fe9RRNABUWUUTIA0Y Decision Tree Uag Random Forest laglyirnainugnaas (Accuracy)
fi¥evaz 93, 92 uay 92 MWAIRU Fauuusiaes Gradient Boosting HANAINLgNHBIUATAN
5¥8n (Recall) 11n7ign d21uuuUI1a89 Random Forest 1sfn13A1AnTsaianIuzniseen
nansfuvesin@nwnlduniian uazwuintadefidamasionisesnnansdu 5 Susuusn léud T
MsAnY nan13euRAsvedlsuSousen YemensSudnunInends A uaze

2.2.6 Predicting Student Drop-Out in Higher Institution Using Data
Mining Techniques

Yaacob wazame [40] dlausnsiuisuifisunuudnassnisdiuunyssan 5
danesfiulaun k-NN, Decision Tree, Neural Network, Logistics Regression 1.ag Random
Forest lagldmaliauaznszuiunismanilesteyarinnis@nwideyatindnuidnuiu 64 au
AANSANEIT 1 waz 2 Un1sfnw w.a. 2559 ﬁawmﬁsm%uiuwé’ﬂqm%wmmi
ADNWAMDS UWNINIRY Universiti Teknologi MARA Cawangan Kelantan Usginauiiaide

Ingiiudnwtadenadnsynisnisdned wu wan1siseulusiedvang o nansiseuasan 1y
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fu lagfiarsanaugndesiagaiiuilansd nudwuudtassdnlvginnugndesganin

v Y

a0 2

Yovar 80 Fsuuudnas Logistic Regression fiANAugndesgsiianiesosas 90.8 uaze
fufildnswiosar 87.6 druuandatiadefiddyvomanisdoufie 518731 Discrete
Mathematics, $1873%1 Object Oriented Programming, 5787391 Calculus | hag $1873%1
Fundamentals of Data Structures vrm&Jmmcjmé’ﬂgmméwﬁﬁmamwummﬁqﬂum3
MUIBNNTOBNNANAY

2.2.7 Dropout Prediction System to Reduce Discontinue Study Rate
of Information Technology Students

Limsathitwong kagame [41] Ynauenisidimaliamiiostoyalunis
AAnsainIseannatsfuvesindnuvasaniiumaluladive-guu doudd we. 2551
2558 913U 28,801 Yoya uaz 14 Andnvae lnsinssudeyariainuazainuazuiulss
Uszansamwesdeya saidldinadinmsidenguand@tiadefiddy (Feature Selection) u
n1seannsal Aesanisideulndsarailesainiidvinasenisesnnatsfuvesindnyiun
flan awfenansSounuseindnie §iTeldsanedfiunsswuntssianie duliinns
andulaganesiy C4.5 wazvihnsSeuiisudssansamuuuitaesuagldinelin 10-Fold
Cross Validation 91nduvhmsaiieuiisulssansnmuuudiaosangadoua 535 lHud 4
Fouauni yadoyadivihnsidenauantitadefidiiy yndeyaitdnnisaiuiliaugavesdeya
yateyailéinaila Tree Pruning Method wazandeyafilidane3fiu Random Forest 7Ly
NSFEUIVALUUUTINAY WagiansanUszaniamuuudiaseigainiuwiugl (Precision)
A15aN (Recall) waze1mINana (F1-Measure) UM UUTIa849 Decision Tree A8y
foyandnnisnliaunavesteyauazyateyailiinaia Tree Pruning Method fiAnA
usiugh AsEdn wazAIAudIegaLinAud 0.80, 0.92 uag 0.85 muddy wazwuIdoya
AU mddyienseennansduIniian wazdideuuritiinszuiunswioadeya
nazAnnmANNaNysaivesteya dudsdi dyidmareUssansnmusuudiassiie

2.2.8 Knowledge Discovery for Higher Education Student Retention
Based on Data Mining: Machine Learning Algorithms and Case Study in Chile

Palacios uazany [11] Yausns@nuininsiuvesmsiimvilesdeyaias
ﬂ?iL’%BuiﬁJaﬂLﬂéaﬂﬁhﬂ 5 laun Decision Tree, k-NN, Logistics Regression, Naive Bayes,
Random Forest wag Support Vector Machine Tuni1saianisaln1seannalsduasstindne
Tuanusgduldun Fredulusn Tulfiaes wagtulfia lnsuvusiaesdulyliarugnies

wnnIfesay 80 laenuinhuudaes Random Forest HUsAnNSAmNgean diunminuue
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Hadeddfidmadenisesnnansduvesindnuwie nan1siieu madidnw wazdadiany
gnaudufiulsiidfalunsaanisainiseennansfuresin@nw

2.2.9 Risk Management Models for Prediction of Dropout Students
in Thailand Higher Education

Nuankaew wagane [42] Unauanisdnwinisidimaiawiliosdoyaniy
A58UIUNTS CRISP-DM (Cross-Industry Standard Process for Data !\/hmng) Tuniseduau
ednwd RHGIGAG nfenfungAnssuvestinAnedmau 2,042 aufiame zieulundngns
AoNfILAes5IRY Anzmaluladansaumalaznisioas unIne1dension lasuyanis
Awnswieandu 3 Tuneuie %’jumaumﬂLﬂumﬁmﬁwﬁﬁugmmawa‘”ﬂqm Usznoune
Sumhein S1uauTein naein1sdnsansAne Tuneufigesnsadiauusiasidae
walladulddndula (Decision Tree) wagldinalianisidendadeluyadoya (Feature
Selection) wazduneufiandontsmadeuuarUsyifiunawuusians lagvinsAnwivanans
e 5 nanans sendnaln1sfine w.a. 2544 fs 2563 wan1s3denuintn@nwidiulvg
sonnarsfuludmsAnwusnidesninuadugninianisdouiis neferdestundngnsi
amuidoulududd 1 Fanudnsneden Business Mathematics Siaanud@aydon13119uNY
amdngnslusuianvesdngnsneuiinmesgina uagnuiuuusiaesiiléinadaiden
Uadelayadayanagldinaila 10-Fold Cross Validation ¥1glvuuuinassiinnnugnaas
(Accuracy) 1ntu Tnswuushassdnilvelduadninsaanisalninfesay 90

2.2.10 Early Dropout Prediction Model: A Case Study of University
Leveling Course Students

uaﬂmﬂﬁé’aﬁmiﬁﬁaLLUS%{TWN'ismmmazé’mmwgﬁaLLaxﬁmuﬁﬁwa
sonnseennansdu Sandoval-Palis [10] ldinauenisdnunil tnethdademsiviiasugia
wazdeny Uadenanisiseu uazUsslanvangnIniaizinis 1UTeuiguiIuLuUTNaeens
annoY (Logistics Regression) waglassineuszamiisy (Neural Network) Wuwuudngass
lasseUssanniieaiusednsamandt tnelvidianugnees (Accuracy) wazAuilEnsm
(AUC Scores) gaflgniia 0.768 uay 0.795 mugddu Garituiildnsniidigeniuvudiass
AsnenaoeiiaAl 0.475 lnsuuusiasslassiieUszamiiondldaandnenssy 4-7-1
(4 neurons input layer, 7 neurons hidden layer ag 1 neuron output layer) Tung

o
]

nagey Fanuidadefiddyfidwanoniseennansduvestinfnuife nansiFeuiin way

auiliAsugnanavdany
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v A

NATpidunsussgndldmetianisinmiiosdeys uavdane3fiunisieus
veursesszinduliinidndula 5 uwuu Tunmsfumiadeiidmadeniseennatsfunarasng
wuudtasInanisainiseannalsfuvesindnel uaziaueenulaguesaluguuuy
unvied Tuszaudiygns wazseAulugn@Aneyl UNIINYIAYEIVAIUATUNT INYLYA

A

malng) suTn1sfinen w.e. 2558 09 2563

9

v
a v dﬂLv a

luns@nwideilldimaianisinmilesdeya ﬁamsﬁw%’agamlﬁaﬁum
sUnvumuduiudiienmadnsuieusslony Tngldnszuaunsfiienin Cross Industry
Standard Process for Data Mining (CRISP-DM) Usgnaunie 6 Funouldun 1. Business
Understanding 2. Data Understanding 3. Data Preparation 4. Modeling 5. Evaluation &g
6. Deployment [43] agldn1wrlusunsulnneu (Python Programming Language) way
\n3sile Google Colab Notebook Tunstiindeya danisdeya afrsuvudiass wazin
Uszansamuuusiasaiietluldiny nszuiunsiainuauanmunseuLuIAnnsIse

FININT 3.1

b .
A
Business Data Data Modelin Evaluation
o Understanding Understanding Preparation &
L
LI

- Data Collection

- Datasets
- StudentProgressData
- StudentInformation
- Familyinformation

- Merging

a a a v
AN 3.1 NTBULUIANNITIVY

- Data Exploration
- Data Cleansing

- Missing Value
- Outliers

- Defined Label
- Split Data

- Bachelor Dataset
- Graduate Dataset

- Feature Selection
- Data Balancing

- Split Data 70:30
- Classification (ML)
-DT
-RF
-LGBM
-GBC
- XGB

- 10 folds CV

- Accuracy

- AUC Scores

- Recall

- Precision

- F1 Scores

- Confusion Matrix

- Feature Importance
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3.1 msvianudnlalyninasaudaenis (Business Understanding)

dnTIN1TeanNnNaNAUTRtnAnwISntduIun Bsdiulugiindulutietu
Yusn dwaliiAn “anuagarlunisamuiion1sfiny)” aaufnwidenaiwasninegins
Tun1samuUImsdnnis dudeudonawastunasnuiaforiguasiddalunisnduly

Y

a v 1 1 = & ) o o A = oA A Y
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AnaulauNunIsUTIsIanTsieiIgunInedegalual nsaanisalnaansNuiug1ves
n1sasagvestindnwiiielvanidunisfnwraiunsalddeyaiietiomaaniuigsinisun
UnAnwinianudss Fluanddediidelavihnisfinwsasianudilanguf ineitesves
[ U = b ! a . . A Y o A 1
n1seannalsAuvetindny laun nguflunaveds Vincent Tinto Migfiuladendnasie

1 o = A v ! = (% = v
N13IANDYVDIUNFANYT [32] AB AANYISEIUYAAD NITANYT LLaZATOUAT wagAn¥IN15LY

o A 1

wadlansimilesdoyalaznisiieuiveaiod Iasmngivemananvauzladendnane
N1580NNA1NAN @519WUUT1ABIAIANTA] UATDBNKUUTIBULATUDTALUFULUUTUAYIFY
= a = = 1 v v Y aAa a D Y = o
WeT1euAnnuALEes Feagdglildmihnnineidesaunsaiditiewmiaeind@nuing
ANFLaleviuil waziveYleguTmslunsatiuayun1sfndulanas RN TUTISNULIe

andnsIn1seannaterululmazln1sAnevesurIneaslrniadla

3.2 msianudiladeya (Data Understanding)

mAdeilldvonnueynrsidoyannuiuiienidivinisuagifeannes
ulou1e gysenans wazusu s inerdsasvaruaiuni lnoidendaudsiildlunisidoain
msfnwmguiasifeiiieatos foantatonadwsnemsinu dadedeyaiiugiues
Unfinw wazdaduauasouaiivestndny) ¥aegutn1s@nyl w.e. 2558 83 w.A. 2563
dudoyavdnuangudoyatindnuilvsisulins@nwina. 2558 s e, 2563 filsande
neidunarUszanana dnmMsfinyiasuinnssumsiseus waznasuleuns gnsenans waz

wny Tun1sfnwddeiiionsiiineninusaseilagldirdeyanaiunsassudiuanalaniy
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W.5.U. AUATEEILYAAR 1U T8 ana snelavdnsUszay lweslnsdwi fleg Sudunldly
NFIATINANYTINY

Yoyafiu (Raw Data) filsannesloune gvsmans uazusu Wusuuuudeya
Microsoft Excel stamun 3 & nuvauiaiilonvonnudde fo 1. dadonadndnmenisdine
(StudentProgressData.xlsx) Uizﬂaué’uasﬁazﬁaﬁﬂmu 230,070 9» (Observations) hag 12
(Attributes) Amdnway 2. J9dedoyafiugiuvesinAnya (Studentinformation xlsx)
Usznaumedeyadnuiu 31,899 Ya uaz 22 Aaiinualy uay 3. Jadeaunseuaiivestindny
(StudentFamilyInformation.xlsx) Uszneusnedeyadiuau 30,477 ya uas 10 AndnuY 39

a

AadeldlUswAsY Microsoft Access 2019 Tun1sundndeya asiAdslunisiweuleslifives

v I A o

foya fadendeyatinfnwindanuzaraniiddsfinweguasiuanmnsduindnw way
dewandoyailulnd Comma Separated Value (CSV) anunsauanuasdayalidiuiuviadu
33,930 4A Uag 39 AudNwME nszUIUNITUILlILateuleliAvasteyaiiieliladeoys

Ausuinnsiudunaudnly A9NINg 3.2 LLagi’lﬁlﬁgL%ﬂ@%@%a@’mmi’lﬂﬁ 3.1 kay 3.2

Student Information Data
Jeyafiugruvasdndnu
Contains 31,899 records, 22 attributes

(YEAR_RAW, ADMIT_YEAR, STUDENT_ID, SEX_NAME_ENG,
ENG_SCORE, GPA, MILITARY_NAME_ENG,
RELIGION_NAME_ENG, PARENTS_MARRIED, NAME_ENG,
FUND_NAME_ENG, DEFORMITY NAME_EMG, DISEASE,
ALLERGY, MARRIED_NAME_ENG, AVG_INCOME,
AVG_EXPENSE, STUDY_LEVEL_NAME_ENG,
ENT_METHOD_G, STUDY_PLAN_ID,
PROVINCE_NAME_ENG, SIBLING_LIVE,
SIBLING_EDU)

Student Family Information
deyanvauniwaindne
Contains 30,477 records, 10 attributes

Combine Select Min, Max Data
Data Student Progress Data Selected

32"

(ADMIT_YEAR, STUDENT_ID,
FATHER_STEP_SHORT_MNAME_ENG, @
FATHER_STATUS_NAME_ENG, —
FATHER_OCCUPATION_NAME_GROUP,
FATHER_AVG_INCOME, Final Student Dataset
MOTHER_STEP_SHORT_NAME_ENG, Contains 33,930 records, 39 attributes
MOTHER_STATUS_NAME_ENG,
MOTHER_OCCUPATION_NAME_GROUP,
MOTHER_AVG_INCOME)

Student Progress Data
deyanadndniamsinm
Contains 230,070 records, 12 attributes

(EDU_YEAR, EDU_TERM, ADMIT_YEAR, STUDENT_ID,
YEAR_STATUS, GPA, ACC_GPA, FAC_NAME_ENG,
FAC_GROUP_NAME_ENG, STUDY_LEVEL_NAME_ENG,
STUDY_TYPE_NAME_ENG, STATUS_DESC_ENG)

A 3.2 nszuiumsiieslealiivedaya
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a6y Youdnunz daya ANANNY
1 ADMIT YEAR 17.9% 2558 Y wa. fidnAnwdhsunisdine wu
Vdndnwn 17.6% 2559 2558 = 1W13un1sAnwd w.a. 2558

17.0% 2560
16.0% 2561
15.9% 2563
15.5% 2562

2 STUDY_STATUS 84.4% OK AnuUAMINANYY AaursEUREIUAINT

A0UNNTINAN Y 5.1% E Wutdndnwn wagsiuanmmsduin@nwm
4.4% B anunnnsiludndnw
3.6% R OK = iasAne
1.5% H H = masvinine fdnus
0.6% D D = a1inA13ANEI
0.3% T S = TunnsAnw
0.1% v AY = sefusuavddndne (hdAnwilvd)
0.0% S Auanmasludndne
0.0% | E = 81900 (WuanIw=)
0.0% 7 B = lulunamuileu (Huanin)
0.0% AY R = Anean (WuanIn=)

T = §reAusisaaIuIvN

v = bisudeuly (Wuaniw)
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a1au YoAmuANEY GHE) AUNNNY
| = BIUANTTH (WUENIN)
7 = TsgegiansAnwidunmun (Wuann)
3 EDU_TERM 83.7% 2 aAMsAnfiindnwidadnued
AANSANEI 16.3% 1 1 = aramsaned 1, 2 = mansAnedl 2
4  EDU YEAR 56.6% 2563 Unsfnw w.e. sulmsnufitin@nunings
Unsfinen 15.2% 2561 Ainwiag 19

14.2% 2562
6.8% 2560
4.7% 2559
2.5% 2558

=

2563 = JuUn15Anw .A. 2563

5  FAC_GROUP_NAME_ENG

NGNAIYIN

45.3% Science and Technology Group
33.3% Social Sciences and Humanities Group

21.4% Health Sciences Group

ngua AT danguauenzian
Science and Technology Group = ﬂfjm
awigIveImansuazmalulad

Social Sciences and Humanities Group =
NFua N RLMARSLATIY Y AERS
Health Sciences Group = NHUEIY1AY

WEIEENTAVAN

6  FAC_NAME_ENG

13%7

17.7% Faculty of Science
17.7% Faculty of Management Sciences
15.8% Faculty of Engineering

7.0% Faculty of Natural Resources

AR AoE9LTU
Faculty of Science = AuEINEIFNENS
Faculty of Management Sciences = A

ANYINNSINATT

1¢
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AITUNUNY

6.6% Faculty of Liberal Arts

6.3% Faculty of Medicine

5.9% Faculty of Law

5.1% Faculty of Nursing

3.5% Faculty of Pharmaceutical Sciences
3.0% Faculty of Economics

2.9% Faculty of Traditional Thai Medicine
2.9% Faculty of Agro-Industry

1.6% Faculty of Dentistry

1.4% Faculty of Medical Technology

0.8% Faculty of Environmental Management
0.6% International College

0.5% Faculty of Veterinary Science

0.2% Sino-Thai International Rubber College
0.1% Institute for Peace Studies

0.1% Public Policy Institute

0.1% Marine and Coastal Resources Institute
0.1% Graduate School

0.1% Health System Management Institute (HSMI)
0.0% Faculty of Science and Technology

Faculty of Engineering = AMEIAINTIUAERNS

7

STUDY_LEVEL _NAME_ENG

84.5% BACHELOR DEGREE

SEAUNNSAN®EN

[A%
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AITUNUNY

SEAUNISAN®N

11.5% MASTER DEGREE
2.8% DOCTOR DEGREE
1.2% HIGHER GRADUATE DIPLOMA

BACHELOR DEGREE = U3gygy1»3
MASTER DEGREE = USgyay1ln
DOCTOR DEGREE = U3gygyuan
HIGHER GRADUATE DIPLOMA =

UszmatleUnsdndintugs

STUDY_TYPE_NAME_ENG

UseLnnnIsane

90.6% Full Time Program

6.5% Part Time Program

2.4% Full Time Program (International)
0.2% Full Time Program (Special)

0.2% Part Time Program (International)

Usetannsfin

Full Time Program = n1AUN#

Part Time Program = AMA&UNU

Full Time Program (International) = A1AUNA
(W)

Full Time Program (Special) = n1auni
(fiLFig)

Joint degree = yiangNT 2+2

YEAR STATUS

31.2% 1
28.8% 4
25.6% 2
12.3% 3
1.1% 6
1.1% 5
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%aqmanwms GHE) AUNUY
Watn@nw
11 ALLERGY 95.2% No TN 5w
wiien 4.8% Yes Yes = 19
No = il
12 DEFORMITY _NAME ENG 99.8% Not disabled AUNNTT
AUNNTT 0.1% Physical disability Not disabled = lgifin1s
0.1% Visual disability Physical disability = A11MUANIDINITNAY
0.0% Disability hearing ‘Vi%ffumw
0.0% Learning Disability Learning Disability = ﬁﬁm@mm&msﬁ'aui
Visual disability = AuUnnsamanIsiviu
Disability hearing = ANNUANTDINIATLABUY
13 DISEASE 83.9% No Tsausedndn
l5aUs2167 16.1% Yes Yes = 14
No = il
14 ENT METHOD G 68.2% Direct system Uszamnsinsunsfing
UsLANnSiansu 30.8% Admission Direct system = SUAT9
1.0% Other Admission = FULUU Admission
Other = Bu 9
15 FUND NAME ENG 91.9% No mslasunu
Iasumu 8.1% Yes Yes = 19
No = il

be



a1au YoAmuANEY GHE) AUNNNY

16 MARRIED_NAME_ENG 97.6% Single RN IGEE]
AOUNIWALTE 2.0% Married Single = lan
0.2% Divorced Married = @3
0.1% Widowed Divorced = €134
0.0% Separated Widowed = #ging
Separated = Lgniuoy
17 MILITARY _NAME_ENG 64.2% No HIUASINEUSIINTS
NSLNUAVIANT 35.8% Yes Yes = 14
No = lalla
18 PARENTS MARRIED_NAME_ENG 74.5% Live together A0NUNINTA-UITAN
GRRPRRITIRERER 9.0% Divorce Live together = agaeiu
6.9% Father deceased Divorce = #8131
3.9% Separated for other reasons Father deceased = JA09LANTTH
2.0% Separated due to career obligation Separated for other reasons = LLEJﬂﬁ’uatuJ'
1.7% Mother deceased LWinaﬂLwﬁu
0.7% Father and mother both remarried Separated due to career obligation =
0.5% Both father and mother deceased LLEJﬂﬁJuE]§J:LWi’l%ﬂ’J’]@Jf\T’lLﬁuLﬁIEJ’JﬁUE]”I%W
0.4% Father remarried Mother deceased = L15ANDILANTIH
0.3% Other Father and mother both remarried = 11501
0.2% Mother remarried dauAnsIu

G¢



a1au Joquanunz GHE) AUNNNY
Both father and mother deceased = Uan
LAZUITAIDILANT T
Father remarried = Unusiaguloal
Mother remarried = 1n3A1UASULMA]
Other = 3u 9
19 PREV_STUDY LEVEL NAME ENG 82.3% Senior High School FEAUNSANYINBULTANEN
STAUNIANYINBUNT 14.4% Bachelor Degree Senior High School = fissuAnwnauUans

1.8% Master Degree Bachelor Degree = USeygy s

0.6% High Vocational Certificate Master Degree = Ugygy1ln

0.3% Vocational Certificate High Vocational Certificate = U7a.

0.1% Higher Graduate Diploma Vocational Certificate = U2%.

0.1% Postgrad Diploma Higher Graduate Diploma = UsznatiaUng

0.1% Diploma Soufindugs

0.1% Junior High School Postgrad Diploma = Uizmﬂﬁﬂﬁmq\m’i’l

0.0% Doctoral Degree USeyes

0.0% Graduate Diploma Diploma = ayU3ayan

0.0% Primary Education Doctoral Degree = U3gygytan
Graduate Diploma = UsznatlaUnsuudia
Junior High School = fiseufnuinausu
Primary Education = Usgaufinen

20 RELIGION_NAME_ENG 79.2% Buddhism mstiuliorau

9¢
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AITUNUNY

AdUN

18.8% Islam
0.9% Christian
0.6% Undefined
0.3% Hinduism
0.1% Other
0.0% Sikhism

Buddhism = W05
Islam = Baau
Christian = A3an
Undefined = liiszy
Hinduism = gug)
Sikhism = &ng

Other = 3u 9

21 SEX_NAME_ENG

63.8% Female

LA

LI 36.2% Male Female = M9
Male = ¥1¥
22 STUDY PLAN_ID 82.5% H WHUNSANN

WHUNNSANEN 8.7% F H = unun1sfnw U.n3
3.1% G F = WU N WUU N2
1.6% A G = UWHU ¥
1.3% | A=kuu 1.l
0.8% E | = WUn1SANYI VTR
0.8% C E = W A WUU Nl
0.6% D C=uuu 2.1
0.5% J D=uwuu 2.2
0.1% B J = uiu U.as@nia)
0.0% L B=uwuu1l2

A%



a1au YonnanYME

AITUNUNY

L = laisey

23 PROVINCE NAME_ENG

FIWIANAA

36.8% SONGKHLA
9.6% NAKHON SI THAMMARAT
7.3% YALA

6.8% TRANG

4.7% NARATHIWAT
4.7% PHATTHALUNG
4.7% PATTANI

4.5% SURAT THANI
3.9% BANGKOK
2.5% SATUN

2.49% PHUKET

2.1% KRABI

2.0% OTHER

1.3% CHUMPHON
1.2% PHANG-NGA
5.3% Others

Sriaiiiin Wy

SONGKHLA = @svan

NAKHON SI THAMMARAT = UASAI53315Y
YALA = ggan

TRANG= #159

NARATHIWAT = 451521d

Others = 39%indu 9

24 FATHER_OCCUPATION_NAME_GROUP

21INTAN

23.4% Private Business
20.1% Government Sector
18.9% Agricultural Sector
14.2% Contractor

naueANYaIUm
Private Business = g3iadum
Government Sector = 9151%015

Agricultural Sector = WnNYATAT/UTEU

8¢
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11.8% Not specified

4.3% Others

3.9% Corporate Employee

3.3% Public Enterprise Employee

Contractor = U314

Not specified = laisgu/3199u

Corporate Employee = WinMUUIHm
Public Enterprise Employee = $53@ %9

Others = du 9

25  FATHER STATUS NAME ENG

anunindnn

91.7% Alive
7.5% Deceased
0.5% Others
0.2% Disabled
0.1% Disability

A0NUNINYDIUAN
Alive = 3339
Deceased = 4UANTIY
Disabled = #n13
Disability = Nwwanw

Others = 81 9

26  FATHER STEP_SHORT NAME_ENG

SEAUNITANEIUAT

54.7% Less than bachelor's degree.

23.6% Bachelor Degree
15.2% Unknown

6.2% Master Degree
0.6% Doctoral Degree

JEAUMIANWIAEAveIdn

Less than bachelor's degree. = G‘i’ﬁﬂﬂﬂﬂ%ﬁyﬁyﬂ
73

Bachelor Degree = USeyyis

Master Degree = Ueygy1ln

Doctoral Degree = U3gygyan

Unknown = lﬂizq

27 MOTHER_OCCUPATION_NAME GROUP

NTWUITAN

27.4% Private Business
17.4% Government Sector

17.1% Others

NANDITINYDNTAN
Private Business = §3naadiud?

Government Sector = 9151%015

6¢



a1au Joquanunz GHE) AUNNNY
15.8% Agricultural Sector Agricultural Sector = WnNYATNT/UTEUS
10.9% Contractor Contractor = $Ui4
6.7% Not specified Not specified = laisey/41991u
3.3% Corporate Employee Corporate Employee = WiNMUUIEW
1.5% Public Enterprise Employee Public Enterprise Employee = $§3@13
Others = 81 9
28 MOTHER_STATUS NAME_ENG 97.3% Alive FOIUNNUDIUTAN
A01UNINLIIAN 2.3% Deceased Alive = 173
0.2% Others Deceased = D4LANTIY
0.1% Disabled Disabled = W15
0.1% Disability Disability = Nwwanw
Others = du 9
29  MOTHER STEP_SHORT NAME ENG 57.5% Less than bachelor's degree. izﬁumiﬁﬂmqaqmaqmim

STAUAIIANYILITAN

27.8% Bachelor Degree
9.7% Unknown

4.8% Master Degree
0.3% Doctoral Degree

Less than bachelor's degree. = #nIUTeYQN

=

2]

Bachelor Degree = USeyay s
Master Degree = USeygy1ln
Doctoral Degree = U3gygyan

Unknown = VLliizq

ov



A1319% 3.2 AnvaizUalaUsEYINIYasiIkUsBLle

a1fu Yoquinuasz AUNUTY mean std  min 25% 50% 75% max
30 GPA wamsSeuadstlagiu 2.28 143 0.00 1.00 2.80 3.47 4.00
31 ACC GPA NaMISsunAsaya 2.48 123 0.00 2.13 2.85 3.37 4.00
32 HSC_GPA NaMTSeueAsarauneudAnm 3.11 049 0.00 2.80 3.14 3.47 4.00
33 ENG_SCORE AZLUUN WS INgunaunAny) 31.51 18.89  0.00 21.25 30.00 42.50 97.50
3¢ AVG_INCOME MefuiRdenindnm 6,606.97  14,842.77 0.00  1,800.00  4,000.00  6,000.00  1,000,000.00
35  AVG EXPENSE MeeRdeindnu 534237 9,414.69 000  2,000.00  3,800.00  6,000.00 999,999.00
36  FATHER AVG INCOME  seléiadetn 33,471.35  58,658.89 0.00  10,000.00  20,000.00  40,000.00  5,000,000.00
37 MOTHER AVG INCOME  seléiafennsn 23963.75  49,800.97 0.00  8,000.00  15000.00  30,000.00  3,500,000.00
38 SIBLING_LIVE Srundivios 2.48 125 0.00 2.00 2.00 3.00 33.00
39 SIBLING EDU Snuiitesdiddsdinw 1.82 0.94 0.00 1.00 2.00 2.00 21.00

4%



a2

3.3 n13dnnsimseudaya (Data Preparation)

Aseildnwildsunsulumeu (Python Programming Language) uas
P3sile Google Colab Notebook n1stndvayalild Comma Separated Value (CSV) 7
Igvhmadenlosazdmientayaud Inslutumeuiagyhmsdnnioadoun asasounay
Usudgsnannanuanysalvesteyaseisimnzaudouilusiuuusiass anansauys
nsvuIungld Gl

3.3.1 msvhauazetndoya (Data Cleansing) wuslfidu 2 dunoufe

1. nsunuedeyagymie (Imputing Missing Values) ¥8etayasiuusdn
ngu (Categorical Variable) Tnglsiunuaniigayniodiean “Unknown” uazdoyasiuys
sieLies (Numerical Variable) unufiAngaymeseimaiinnisisousidsin (Deep Leaming)

v

m28 DataWie Libraries T au1lae Amazon 9191999310 Apache MXNet #28n15HN
S p

N

a = o a Y] 9] ¢ 1 A & 1Y Y
@aﬂ@iﬂﬂﬂrﬁlﬁﬂugﬂaﬂLﬂﬁa\‘iLLag"\]@ﬂqﬁsﬂgﬂ;ljﬁijfylﬂ']ﬂﬁ]qﬂﬂqiﬂqﬂﬂqimV”I’W]L‘UUIUI@H]']ﬂGDLLUi

MnuanIonedudianuaNfeInN1sTuniauiuniIsunuatgynigaiewmaila Multiple

Imputation by Chained Equations (MICE) [44] FaseazBunnumsedl 3.3 way 3.4

= !
191990 3.3 G]i’mﬁ@‘Uﬂ’]ﬁjQJMWEJLLaSﬂizU’JUﬂ’ﬁLLm‘U

Fonmuinuus Usziandoya  dowsgamne % Yeway  33nnsunuil
ENG_SCORE float6d 1,758 5.2 DataWig
MOTHER_AVG_INCOME float6d 1,473 43 DataWig
ACC _GPA float6d 47 2.2 DataWig
GPA float6d 747 2.2 DataWig
PREV_STUDY LEVEL NAME_ENG object 621 1.8 “Unknown”
MOTHER _STEP_SHORT NAME_ENG object 620 1.8 “Unknown”
AVG_INCOME float6d 613 1.8 DataWig
FATHER STEP_SHORT NAME ENG object 611 1.8 “Unknown”
MILITARY_NAME_ENG object 601 1.8 “Unknown”
FATHER AVG_INCOME float6d 575 1.7 DataWig
MARRIED_NAME ENG object 536 1.6 “Unknown”
HSC_GPA float6d 274 0.8 DataWig
FUND _NAME_ENG object 10 0.0  “Unknown”
ALLERGY object 4 0.0  “Unknown”
DISEASE object 3 0.0  “Unknown”

ENT_METHOD G object 2 0.0  “Unknown”




A1319% 3.4 anvaiztayauseynsvaskUsAeLlamdINdnn1steyagyme

Yoquinusz mean std  min 25% 50% 75% max
GPA 2.28 142 000 1.10 2.75 3.45 4.00
ACC_GPA 2.48 122 000 215 2.83 336 4.00
HSC_GPA 311 049 000 281 3.14 3.47 4.00
ENG_SCORE 29.93 1965 000 20.00 29.00 41.25 97.50
AVG_INCOME 6,862.62 14,976.68  0.00 2,000.00 4,000.00 7,000.00 1,000,000.00
AVG_EXPENSE 5,302.37 9,414.69 0.0 2,000.00 3,800.00 6,000.00 999,999.00
FATHER AVG_INCOME 33,248.48 5823670 0.00 10,000.00 20,000.00 40,000.00 5,000,000.00
MOTHER AVG_INCOME 23,642.73 4881421  0.00 8,000.00 15,000.00 30,000.00 3,500,000.00

2. 3AN1598yagalsa (Handling Outliers) vinn1sasnedalaunsu (Histogram) uaznsingunaes (Box Plot) livensi3aeudayan
galdavewiulssaiiios dannil 3.3 wag 3.4 Anduinisianisteyaanleisiie Interquartile Range (IQR) nerinuadl factor k 1391 1.5 wi1ves
QR wagwnuiAtoyamewmalian1siseusigedn (Deep Learing) 738 DataWig Libraries wnunisindeyasanty wagviin1sasnensiniensivaey

ToyadNATY HATNSAININT 3.5 war 3.6 WALT1UaLIBYANINA1SI9N 3.5

2%
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31nA N7 3.3 uag 3.4 wuindauds AVG INCOME, AVG_EXPENSE,
FATHER_AVG_INCOME uaz MOTHER_AVG_INCOME Hengalsadauanilunsinsunaesves
Al 14 fAdeinsdansagalsuazyinisainansiiensaaeuteyadnass nadwses

mwﬁ 35188 3.6
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1N 3.6 wuitanisieuadsdagtiuresind@nuidiulng oglugs
581309 1.10 - 3.45 dhunanisiSouladvavaneglutissening 2.15 - 3.36 uavnan 3oy
apAsui1Anweglurissning 2.81 - 3.47 uavazuuunwSangunoudhAanwindn
awlvgdrzuunlugiasewing 20 - 41.25 drdadedunisiunuinmesunieveain@ne

daulngjogsening 2,000 - 6,000 UW warTIeIeadevestnanwidiulngegsening

2,000 - 5,500 U™ ?i'suléfﬁma%asuaqammehuslmgasﬁw’m 8,000 — 26,473.50 U Lag

Y
1

s1eleadsvesdntdiulugegszning 10,000 - 30,000 UM ANUAINU FISI18aELDYARTN

Y

AN5197 3.5



M1519% 3.5 dnuwaizdeyausyrinsvesiulsseiilomandnnsteyagalss

vonuAN B mean

std

min 25% 50% 75% max
GPA 2.28 1.42 0.00 1.10 2.75 3.45 4.00
ACC _GPA 2.48 1.22 0.00 2.15 2.83 3.36 4.00
HSC GPA 3.11 0.49 0.00 281 3.14 3.47 4.00
ENG SCORE 29.93 19.65 0.00 20.00 29.00 41.25 97.50
AVG_INCOME 5,758.52 7,454.02 0.00 2,000.00 4,000.00 6,000.00 50,100.00
AVG_EXPENSE 4,700.81 4,843.50 0.00 2,000.00 3,500.00 5,500.00 34,000.00
FATHER _AVG_INCOME 24,314.70 19,398.63 0.00 10,000.00 20,000.00 30,000.00 101,610.00
MOTHER AVG_INCOME 18,278.36 14,223.10 0.00 8,000.00 15,000.00 26,473.50 63,000.00

3.3.2 a5 eaaudsitnune (Defined Dropout Labels)

Juduneunisadrisiudsdmnedmsuniseansalnisesnnaisdu “DROPOUT” Tnuusmuamdnsusvadanunmindne

(STUDY_STATUS) fifiAinfiu OK, H, D, S, AY Tagiruualsidauusidiuuie DROPOUT = 0 nunafef1da@nun uay antuaindn@ne,

(STUDY_STATUS) FTAWWINAU E, B, R, T, v, I, 7 fsuruals DROPOUT = 1 wineianuanmnisidutindne wuinilsuuiindnuiinng

29,340 AU AnlduSesas 86.50 wazNuan NS ANYINIINASIUIY 4,590 AU AntTuSaas 13.50 ANUAISU AINTWA 3.7

1Y

N

ANWTINUA

8Y
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30000
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15000
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0 1
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AW 3.7 S1unudndiusuusidiving DROPOUT

3.3.3 LL‘l.is‘i?ngl'agaGl'mmj:mzé'ﬁm'ﬁﬁn‘m (Split Data for Degree)

nFsnvhnsaasndndmneiisuosudiluduneuidaginusngy
gadayanuseaun1sing lnegideasyinisuusyadeyasenlu 2 4a Ao Yadeyasziu
USgyey1es waryadeyaseiudagndnel lagulanguanndiulsseauni1sAne
(STUDY_LEVEL NAME_ENG) wuingadoyasesuuiyanidduiutndnuiiidsdne
Waviue 25,031 Au Andudesay 87.30 wasiuanmmsduindnetommnsiuiu 3,635 au
Andutosas 12.70 uarseiutaufindnuisuiutindnuifgednwsianan 4,309 au fAn
Judesay 81.90 waswuanmnsiluin@nuimunsiuau 955 au Andudesay 18.10

ANUAIAU HINNT 3.8
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3.3.4 Lﬁﬂﬂﬂﬁl%’ﬂiﬂﬁﬂ‘ij’aga (Feature Selection)

o w

Juduneunisidentadelugadeyaniidrudrdgylunisaianisalfauys

o

a a

A a ! Ao o W a ° o v o
Lﬂj%ﬂi'ﬁ]lﬂﬂ%ﬁ!ﬂ ImﬂW‘UWim’]‘ﬂqﬂﬂq P-value NyuyaAuLNans < 0.05 aqﬁﬁUsUaiJuamjLLﬂi

[ 1 1

Fanguienisnaaeulaaunif (Chi-Square Test) wazdoyaduusuuusieilosieoainnis
31A31295m10LUSUTIU (Analysis of variance: ANOVA) [45] Taatirsudsiilufinanenis
nadeuLuUansoonluunuiiazideniadefmun Sustisannruulsunuvieniaia
Overfitting voauuudnasald Tnefidotienudnwurdadoilidwmanosiuusidinune
ponld lauAAIWYS EDU_YEAR, ADMIT YEAR, STUDENT ID, STUDY STATUS, waz@auus
STUDY LEVEL NAME_ENG lneyndeyasziuuinanniinudnuurtadenidoddydeada
sautavun 27 Audnway (Attributes) lisaudruusiilifinasonisnaaoue

STUDY_PLAN_ID uazyadeyaseiuiudinfnuiiinuanvurladenideddAgidaissy

VA 15 Auanwae (Attributes) MUSI8ALIBEANINATTINN 3.6 kae 3.7

a ) o a A A o 9] ° v o A =
MA1919N 3.6 ﬂmﬁﬂwmgﬁ"ﬂﬁ]ﬁlmLa@ﬂLW@u’]‘lﬂﬁiqﬂLL‘U‘U"\]']@@ﬂmaﬂﬁ@ma%aﬁgﬂUﬂimmqmi

a19u Fosuvs AZLUUAIUEALY p-value
1 EDU_TERM <0.000000*
2 FAC_NAME_ENG <0.000000*
3 FAC_GROUP NAME ENG <0.000000%
4 STUDY TYPE NAME ENG <0.000000%
5  SEX_NAME_ENG <0.000000%
6  ENT_METHOD G <0.000000*
7 ACC_GPA <0.000000*
8 GPA <0.000000*
9 YEAR STATUS <0.000000%
10 HSC_GPA <0.000000%
11 ENG_SCORE <0.000000*
12 PREV_STUDY_LEVEL NAME_ENG 0.000001*
13 MILITARY_NAME_ENG 0.000002*
14 RELIGION_NAME_ENG 0.000006*
15 MOTHER_AVG_INCOME 0.000030*
16 AVG_EXPENSE 0.000031*
17 MOTHER_STEP_SHORT NAME ENG 0.000053*
18 MOTHER_OCCUPATION_NAME_GROUP 0.000130*
19 FATHER STEP_SHORT NAME_ENG 0.000249*
20 FATHER OCCUPATION_NAME_GROUP 0.000415%



a9y Yaiuls AZLUUANEIAY p-value

21 FUND _NAME _ENG 0.001383*
22 SIBLING_LIVE 0.002235%
23 MARRIED_NAME ENG 0.002856*
24 DISEASE 0.023757*
25 ALLERGY 0.031774*
26 PROVINCE_NAME_ENG 0.039295*
27 FATHER AVG_INCOME 0.046993*
28 DEFORMITY _NAME ENG 0.056432
29 AVG_INCOME 0.143542
30 SIBLING_EDU 0.313038
31 FATHER STATUS NAME ENG 0.499834
32 MOTHER_STATUS NAME_ENG 0.669152
33 PARENTS_MARRIED NAME ENG 0.783504

N v o

*jdAgeadia 0.05

M13199 3.7 AaudnuaUadenideniiietnluasauwuudiaesvemadeyaseauiudindnw

a9u Fosauus AZHUUANEIAY p-value

1 ENT_METHOD G <0.000000*
2 STUDY TYPE NAME_ENG <0.000000*
3 STUDY_PLAN_ID <0.000000%
a4 FAC_NAME _ENG <0.000000%
5 FAC_GROUP_NAME_ENG <0.000000%
6 ACC_GPA <0.000000*
7 YEAR _STATUS <0.000000*
8 GPA <0.000000*
9 HSC_GPA 0.000005%
10 SEX_NAME_ENG 0.000033*
11 FUND_NAME _ENG 0.000671%
12 EDU_TERM 0.020414*
13 DEFORMITY NAME_ENG 0.022060*
14 SIBLING_LIVE 0.029486*
15 MILITARY_NAME_ENG 0.035407*
16 MOTHER _STEP_SHORT NAME_ENG 0.060501

17 PREV_STUDY LEVEL NAME_ENG 0.090288

18  RELIGION NAME_ENG 0.249609

19 SIBLING_EDU 0.257473
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a9y Hosauus AZLUUANEIAY p-value
20 FATHER STEP SHORT NAME ENG 0.347664
21 MOTHER_STATUS _NAME_ENG 0.349676
22 MARRIED_NAME ENG 0.364980
23 PARENTS MARRIED NAME_ENG 0.379906
24 FATHER STATUS NAME _ENG 0.513838
25 MOTHER_OCCUPATION_NAME_GROUP 0.538399
26 AVG_EXPENSE 0.559879
27 FATHER OCCUPATION_NAME_GROUP 0.582225
28 DISEASE 0.593453
29 MOTHER_AVG_INCOME 0.675303
30 ALLERGY 0.770740
31 PROVINCE_NAME_ENG 0.867704
32 AVG_INCOME 0.883946
33 FATHER AVG_INCOME 0.887056

*lpd1AgyBeads 0.05
3.3.5 n13e59adaya (Data Exploration)
ajusieazidenysyyinsvesdiwysidimung DROPOUT lugadayaseau
USyay1e3 wasyndayaseruludindnyl dei3delaasunisstoyaussynsvianunvees

wUstUM1e DROPOUT Tunnaxwan n

3.3.6 nMavirdayalvisuga (Balancing Data)

NYateyasEaulIInTLazsERUTNAnANY WUINBRTIdILYRETN e

2

Anwsenuaninnisidudndnw fe 6.9 : 111‘!6{19\%8%63 ﬂ‘U‘UiﬁJﬂJ’Wﬁ way 4.5 : 1 Tu g

©

Y] a

Toyasziudadindne i liinanuliaunavesdeya Fodulunsinudsdaldinaieds
”qmmzwuauumwm Synthetic Minority Oversampling Technique (SMOTE) Tun154an1s
Tayarliauna lngduasiendeyaduinlndandeyafumendnnisiveuduilndign
d' 19 ° I~ v a £ o a = a a

Welwuudtassdndugnaesuindsdu [46] wazvinisiSouiisuussdninines
wuudraesilduagldlaldinaia SMOTE Fss1eazideanisuadeuilesuisliludiuvesnis

Uszilunakuudand (Evaluation Model) Tuaudaly
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3.4 N198319UUUI1a99 (Modeling)

N15a51UUINaeINIsssuiveunIes §I3uldiasesiia Google Colab
Notebook ta¢ PyCaret Machine Learning Library Version 2.8.10 [47] Fadulavssans

Souivennsotuulamugesdlulimeunldnudswazasain awnsaldinunisiseuives

=

wwSeandudaulsagresiniinaziuszansninlaeldleafisdluiussyia (48] Tunisadia
aNasNUNITIILUNAINSUNITAIANISAINITEBNNANNAUTBIUNAN Y NYALBLANNIUATT
JonseutayaseuTosudlutuna UL Fansasiuwuuinasdl 3 TunauRall

3.4.1 MIAeAAEITVIUAAENUR

n1smnuadandsidimung e DROPOUT waruwusdayadiniuious
LUUTIa09 80 Wasidud wazdmsunsivaeuwuudnaed 20 wWesidud lnefinisuuiyadaya
2 BUU bALA

2 (v a = 1 % o (v a % ) ¢ @ 2

1. yatoyaseaiudae1ns wisleyadmiuitousuuuinass 80 Wesigus

(22,932 Yoya) wavdmiunTIvaaULUUTIAeY 20 Wesidud (5,734 Jeya)
2 (Y] L] a = [ o v a % o ¢ @ I3

2. yntayasyiuluninfney wialeyad miussuiuuudnass 80 LUesigus
(4,211 Foya) wazdmiunTiaaauwuunass 20 Wesidud (1,053 Joya)

3.4.2 N15A319LUUINABY

n1sAnwiildnisiseusuuuiigaeuy wagdanainunisdnuunlunisasiie

o a 1% A ¥ Yo a Py

wuuaeensiseuivennsasUssianauldinduls 5 wuu laun

1. suliin1sdnaula (Decision Tree)

2. wsumauNeLsa® (Random Forest)

3. lavinReuynAsuydu (Light Gradient Boosting Machine)

4. nuAguynAe (Gradient Boosting)

5. WOndraunhuyniae (Extreme Gradient Boosting)

3.4.3 YSUUTaUsEaMEANLUUTIARID AN NNNTTIIEUVRAUATDY

< % 4 a o‘a" d‘ [ wva ¥V v} a = 1%

Junmsaumlawasmsfiwesinzauianlasdnludfssdanasnuaum
LuUdusg Optuna [49], [50] tellanadnsuuudtaoanantdayninis Overfitting uae
Underfitting #43gvi1n151USeuitsudsea@nsainuuudnassilalausulsesussansanm

wuudnaedarUulTUsEans A mwuuTaadunan iTenarefusenaluundnaly
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3.5 AMsUSSIEURALUURIEaaY (Evaluation)

(%
[

A15UTLLIUNALUUDIABIN LY I Ua1WI8UT 3 Tunau LALA 1. N1SRSIAEBU

[

AUYNABIVBLUUTIABY (Model Validation) 2. AaudnuauedAty (Feature Importance)
ey 3. WNUNIW SHapley Additive exPlanations (SHAP)
3.5.1 ATIAHIUANNYNABIVBIUUUIIARY (Model Validation)
AI3eMa1TauINsEUIUNsUsEIliuUssAnsanlaenisly 10-Folds Cross
Validation s98n15gus08 19U UULUITUYH (Stratified Random Sampling) [51] Aan15uus
ﬂ;msﬁayjaaamﬂu 10 yalun1saiauwasnaaeuluuaasmensdudayaninnuasuiiuuae
o § v U fa oA A X - o
AsoUAAY YhlvnaansianuigeieunTukazantaym Overfitting veawuudnaes [8] N3
MTIAADUAIIUYNABIVDIUUUTINBILNTLUIUVANELUY TIHITERIITUINTEUIUNTHINE
o A a a a a a a a ° v
AFIADULUUIADINB UL UUSLANT AN LaeuUSeunguUsEansnInueakuuiInandnig

ANSLUNINGANNAUEY (Confusion Matrix) AMUA1SIN 3.8

AN5199 3.8 PNSIBUNINGANUAUEAN (Confusion Matrix)

Predicted
Positive Negative
T’g Positive True Positive (TP) False Negative (FN)
E:; Negative False Positive (FP) True Negative (TN)

AIAUYNABY (Accuracy) ABANLARTINAILUUAIANTTAlaNINTaYiwIgla

gndeadufesaviinlug Analannaunisi (9)

TP +TN
TP+ TN + FP + FN ©

Accuracy =

= = 1 { o o

Aszan (Recall) n39 A1A1Ula (Sensitivity) AeA1NTALUUTIADIAINAINUS

L{]mmaﬂausla:i']mmsammmiaﬂé’gﬂﬁaqLi‘;lu%fasjamvhlm' AUILANENNITA (10)

Recall = — L
At = TP ¥ FN (10)
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ANAULLUET (Precision) ABAINIALUUUIIABIINEAIUITAAINNITAIAINDU

Iggnsisadudesasvilug lnefinsanandmudsdmaneiiaula fwaddainaunisi (1)

Precision — TP
recision = w50 (11)

AAINUE998 (F1 Scores) ABNTTIRASEANLATAIAINLLUEINaTUA 8RN

W F1 lnaduaadsasludnuesiseanwazaininuniugl aunalaainaunisi (12)

Pl =2 x Precision X Recall
B Precision + Recall (12)

Arfuilédnsa (AUC Scores) AoA1iufiléidu Receiver Operating
Characteristic Curve (ROC Curve) tilouaniUssansnmussuuusiansmanisal dansavi
101911857 True Positive Rate way False Positive Rate tu3snsnsivaeudildlunis
UseLdUkUUT1a89AIANITININAT AUC Scores 1A11NE 1 UNNWAAIITLUUT 18094

Usgansnnlumsduunnguesnaniulagndes Feiwinlaainaunisi (13-14)

TP
T 't te = ———
rue positive rate TP + EN (13)
Fal ti te = r
atse positive rate = N + FP (14)

3.5.2 paanweidAty (Feature Importance)
N1TANANITAINITRONNANAUTDILNANE F5n15UseRuTdumAallanig

1Y

Insgvinadnuarladenddgianlunisninnisalveswuudnaesiaiay
3.5.3 wunNI SHapley Additive exPlanations (SHAP)
< - [ v Ao o A a a
Junsuansnniissunuanyardatenddynaaludauiniazdauluns
AAN1TAITRLHUUTIRRINFUTaU Tnen13AIUIn Mean Absolute SHAP (MAS) Tuusazyn 9
Audnwuzlady 39 SHAP LumadiafiAeudislninlddmnsunisussiliugudnvuely

° a o a4  aa oA A
LL‘U“Uf\]']a@QﬂqiLiﬁuzcﬂaﬂLﬂiaﬂwmﬂﬁquuqLGU'EJQQ [52]
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3.6 MsulU1geu (Deployment)

a v dl ;4 = d’j o o o o dl

HaNTIFeNnanMsAnulanansahnadnuaUady uazwuudnaemlall
Uszgnaldasrsuuinaedumsdndulanisasegvastndnwilussivgaudnuladn dndnw
IAd08 Y38 Bannaafu nedidulaveniueynsizideyaninusiudeoniinnisias iy
nneuleuny gnsmIans wasiay unIngdeatatuasuns tiudsludiuvestdaya
o ¢ = =2 = = a Y a s a
UnAnwluln1sfne w.a. 2564 21ANSANYIN 2 ININIFBAVAIUATUNT TNeNYA
wialug) S1IUEY 18,374 1a 39 Audnwae InewdaludeyatinAnwsedutudsygns
U 16,166 Toya uazszautuinufindnuduiu 2,208 deya 11vNISAIANITHRAANS
NUUUINADINLAHIU Google Colab Notebook tag PyCaret ML Libraries 91A1U1101S
dewandoyanldainnsaanisalldiludeyalunisimuisenwuusisnuwasuesalugluuy
a o ¢ A a = Y R ' Y Y aa o 1%
FJUANAULNDIIYINUAARIUAIULEEIRIY Google Data Studio FaagaulmdminAnne U9

Y A o = A a Yo A A Y a @

ausaindigimdetnAnwniiaiudslaviud wasiiedieguimslunisatduayuns
ARAUIILAEINUNUNITUTITNU Basreagideanaansiazsienuludiunanisideuas

anaUs1elududall
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U 4

NaN1598LazaNUs1gNa

NuATeilliiaueuwuuaudnuueNd Ay LagA1An1Tain1ToBNNANAY
YRINANYIUNTINGIFEAAIUATUNS Inenvmvntng Tugie 6 JuTnisAnw w.e. 2558
=< ¥ d’lj L v L vV v s
84 2563 A1nszuudeyaiiugiulndnyy wasszuudeyatndnw laslddeyanadnsnia
n13finw Yoyadiudivesindne uazdeyanseuasivestndnel Wumadamilesloya
LATLUUTIABINTSISEUIURUATEN 5 WU waztauessnuuauesatuguwuuIuaving

Tuuntlaziausnani1s33ensNaUILUUIIaaRUS s UL R UUS L ANS A NLas

Y [ 4

YaaAumsganvein swuuaeddUldau stuaudnuustideididy wavaianisal

mMseonnanduveain@nwuanmaluzuiuunsnuwatuein lnsuiadutunousig q fil
1. wanmsissuiisulss@nsninvesuuudtansaianisal annsidinaila

\HenAuauURmLUS

a

2. HansiRLILUUTIaemansaiyadeasEAuTuUS Y193

o

3. HansiRwLuUTIaemansaiyadeyasEAutulndinAnw

4. WAANSNNTLEANINAINNNTUIBUUINABIAANTTallUTga Y

4.1 nan1sTeuliisuyszansnnuaiuuudnassaanisal annsidmatiadanauaudn

AauUs

Tudutlasdunsiideyaiiaenuazaiaudiaiiwuuiassiionseudieu

U5LANTNINVDILUUINADIAIANITA] AINNITLADNAILUTNINUA WAZIINNIT MINANALADN

' '
va aa o o aada

AuauUANdTydAyn19@ian P-value < 0.05 ¥8IFILUINFUAIETT Chi-Squared hazda

9

WU5hiaLilaaneTs ANOVA 09YndauaseauduuTygnsvianun 33 fuus wuldnddudsi

[
v v W a

NIULNEUNIINUA 27 AU @IUTEAUTUTUNAANWINIUA 33 FakUT NUINTHLUTNNIY

WEUTIANUA 15 AkUS @uSaUSeUEUNAGNSVRILUUI1aD9L MUAISI9N 4.1 way 4.2
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AN57199 4.1 WSHUTEUNAGNEVILUUIIABIN AL USTINUA wazwuUINanIntdimale

HonAauURfmLUT vosynveayaTERuUTyY 9IS

Models Accuracy AUC  Recall Precision F1

Decision Tree 0.8725 0.7152  0.5047 0.4960 0.4999
Decision Tree (Feature Selection) 0.8724 0.7158 0.5057  0.4961 0.5005
Extreme Gradient Boosting 0.8796 0.9103 0.4291 0.5295 0.4739
Extreme Gradient Boosting (Feature Selection) ~ 0.8775 ~ 0.9092 0.4219 05200  0.4657
Gradient Boosting 0.8937  0.9227 0.4871  0.5985  0.5368
Gradient Boosting (Feature Selection) 0.8939 0.9229 0.4871 0.5995 0.5371
Light Gradient Boosting Machine 0.8941  0.9243 0.4705  0.6047  0.5288
Light Gradient Boosting Machine 0.8936  0.9248 0.4702 0.6024 0.5277
(Feature Selection)

Random Forest 0.8463  0.8853 0.1783  0.3115  0.2265
Random Forest (Feature Selection) 0.8510 0.8884 0.2128 0.3524 0.2651

a = = v 6 [J e Yo & [ g v a
A15199 4.2 1 USPULgUNaaNSYB UL a8 Nl uUsTInun wagluudnaesildinaia

WenAuaNURfIuUT veyntayaseiuTudindny

Models Accuracy AUC  Recall Precision F1

Decision Tree 0.7457 0.5923 0.3539 0.3155 0.3331
Decision Tree (Feature Selection) 0.7689 0.6218 0.3908  0.3684 0.3777
Extreme Gradient Boosting 0.8126 0.6918 0.3021 0.4663 0.3648
Extreme Gradient Boosting (Feature Selection) ~ 0.8302  0.7338 0.3339  0.5510  0.4131
Gradient Boosting 0.8468 0.7697 0.2729 0.6863 0.3882
Gradient Boosting (Feature Selection) 0.8494  0.7837 0.2954  0.6927  0.4120
Light Gradient Boosting Machine 0.8350 0.7250 0.3113  0.5760  0.4028
Light Gradient Boosting Machine 0.8459  0.7627 0.3365  0.6374  0.4377
(Feature Selection)

Random Forest 0.7642 0.6233 0.0715 0.1645 0.0991
Random Forest (Feature Selection) 0.8233 0.7453 0.2702  0.5176  0.3522

199 4.1 uag 4.2 wuihmsldinadadonauandsuusiideddy

naadRyieliLuunassaianisalilimaugnaeswasarnunlansnundu §33e3sleun

AavantAmuUsvalluIsuiisudssansamuazanumngauvasnisinluldausely
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4.2 NANISWAILILUUIIADIANANITA

=4
ho)
e
®
e
)]
an
ee
ho)
c
=1
=
)
1
@
)
b
anl

Tudhudazthuvudassnisdeudveaniosssandulinsdadulats 5
WuULYNMsAIAn1saintseannatsfuresinAne seiutulsnaie’ Tngldmadaiden
AuaNdRAfuUs msvsugulaosmaiines uaznsldneiaisdauanzideyaifinvesus
azuuUIaes LewSeuiiieuussaninmuuudiass uazammszanvesnistlulde
Ineudaygadayasonidu 10 galunisadsuazsnadoukuuinass K-Fold Cross Validation 10

folds anYAUayasEUS 80% (22,932) Uaryavayansiaaaudn 20% (5,734)

4.2.1 watladuliinsdafula (Decision Tree)
lun1sa$19uuudnaed Decision Tree 9g11n15UTUUTIUsEENT AN
wuudasslagdnludiluyaveslaesnisiiwesnmanzaulagldnsAumuuugu el

o IS ! o d' (% a
LUURIABINAINULNULININNER ANATITIIN 4.3

M13199 4.3 n1suTugulaiesinfiwesvesiuudiass Decision Tree

Classifier Hyperparameter

Decision Tree | ccp_alpha=0.0, class_weight=None, criterion='entropy’,

Tuned max_depth=8, max_features=0.8113419998867496, max_leaf nodes=None,
min_impurity decrease=6.267288942902784e-05, min_impurity_split=None,
min_samples_leaf=5min_samples_split=5, min_weight fraction_leaf=0.0,

presort='deprecated', random_state=634, splitter="best'

Decision Tree | ccp_alpha=0.0, class_weight=None, criterion='gini', max_depth=15,
Tuned (SMOTE) | max_features=0.7784512253408779, max_leaf nodes=None,
min_impurity decrease=7.534123633494594e-05, min_impurity _split=None,

min_samples_leaf=6, min_samples_split=10, min_weight fraction leaf=0.0,

presort='deprecated', random_state=634, splitter="best'

HAN5E31AMUUTIA04 Decision Tree lagfiansaneInNgnaAas (Accuracy)
ANUNlANSIM (AUC Scores) A13ean (Recall) A1Auaiugn (Precision) kazeA1AI1NE99a
(F1 Scores) vesuwuudnaesinisusugulaiasnsimeinldmetlin SMOTE wagnlilald

watla SMOTE lunisdudiegraiieundgymanuliaunavesnaia nuitAiaugnees
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(Accuracy) uagerauusiugl (Precision) vesuuuiaesililaldinalia SMOTE fiAngaian
Ao 0.8942 Uag 0.6017 mudRy diunuudaeiidnata SMOTE darnunlansin (AUC
Scores) A15¢An (Recall) LagA1AINE9Aa (F1 Scores) gaign@a 0.9049, 0.5564 uaz

0.5503 AUEIRU MUANS1T 4.4

= a a o L4 ..
A13199 4.4 MF1MARINAUITANTNINKLUUINRDIAIANTTA Decision Tree

Models Accuracy AUC Recall Precision F1
Decision Tree Tuned 0.8942 0.8960 0.4895 0.6017 0.5384
Decision Tree Tuned (SMOTE) 0.8869 0.9049 0.5564 0.5527 0.5543

IR TUINAANSANSILUNS NDAIUAUEY VBILUUINADILUNITANNNITE
nseennansduvestin@nwuiugulawesmsilnes wazssuiiisunisldmadia SMOTE
wazldlald anyadeyaisons 80% nudwuuinaesnltdinaia SMOTE dAA11ugneeas

ian Jeuaz 91.37 AUANS1N 4.5

A15199 4.5 HAANSNISAIANITAINITERNNANNANYBIUNANEIINLUUIIADY Decision Tree

VDIYATBYALTEUF 80%

Models Predicted Class
Baseline SMOTE

Studying Dropout Studying Dropout

ﬁ Decision Tree Studying 19202 831 19048 985
% Dropout 1235 1664 995 1904
S

= Accuracy 90.99% 91.37%

LIANITUINAANTANTINUNINTANUFUAE VBILUUINABIUNISAIANITA
nseennauvestindnwuugulaiesinsiwes wasiuSeuiisunisidinaila SMOTE
warlilald anyadeyansivaey 20% wuitwuudnassnlilaldinafin SMOTE de1A3ny

ONABIEITIAR FeuaY 89.75 ANUANTIN 4.6
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A15199 4.6 HAANSNISAIANITAINITEDNNANNAUYBIUNANEIINLUUIIADY Decision Tree

VBIYAT0YaNTIEBY 20%

Models Predicted Class
Baseline SMOTE

Studying Dropout Studying Dropout

§ Decision Tree Studying 4750 248 4687 311
% Dropout 340 396 308 428
S

= Accuracy 89.75% 89.20%

4.2.2 wadaduldnisandula (Gradient Boosting)
a319uuudnaes Gradient Boosting 3¥vn1sUSUUIUsEaNSAMULUUIADS
lnggnludflugavetlawesnisiwesnmnzaulagldnisrumuuugu e liuuuinasdl

) =i Y =
AUBHNULIUINNEN AIATTNN 4.7

M15719% 4.7 nsuTugulaiesmsiinesvesiuudnass Gradient Boosting

Classifier Hyperparameter

Gradient criterion="friedman_mse', init=None, learning rate=0.11995895471442317,
Boosting loss="deviance', max_depth=3, max_features=0.759605214073612,

Tuned max_leaf nodes=None, min_impurity decrease=7.015593498552102e-05,
min_impurity_split=None, min_samples_leaf=2, min_samples_split=>5,
min_weight fraction leaf=0.0, n_estimators=87, n_iter no_change=None,
presort='deprecated’, random_state=634, subsample=0.8178998325268436,

tol=0.0001, validation_fraction=0.1, warm_start=False

Gradient criterion="friedman_mse', init=None, learning rate=2.274080158987668e-06,
Boosting loss="deviance', max_depth=10, max_features=0.48049171102542365,
Tuned max_leaf nodes=None, min_impurity decrease=8.208321540305571e-06,
(SMOTE) min_impurity split=None, min_samples_leaf=1, min_samples_split=8,
min_weight fraction leaf=0.0, n_estimators=241, n_iter no_change=None,
presort='deprecated’, random_state=634, subsample=0.696542314452461,

tol=0.0001, validation_ fraction=0.1, warm_start=False

HAN1583194UUINA84 Gradient Boosting Lagfia15MIAIANNYNABS

(Accuracy) AUlANSIN (AUC Scores) A15ean (Recall) A1A11uKLIUEN (Precision) Wagan
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ANANAE (F1 Scores) vaawuuinaaanviinisusugulawesnisilmesildnata SMOTE
waznlilaldmedin SMOTE Tumsdusegnaieuitayvanuliaunavesrata wudnay
gnAea (Accuracy) A1 ulans Wl (AUC Scores) Ainsgin (Recall) wagaAnuaena (F1

Scores) vesuuUSansitlinaia SMOTE fegsiianfie 0.8946, 0.9289, 0.6933 uay 0.6247

muafu druiuudtassitldlaldinaiin SMOTE A1Al1uuiugl (Precision) gevignfe
0.6003 ANNATT99 4.8
A919% 4.8 M5LERINaUTEAVS A MLUUTIaRIAIANI5al Gradient Boosting
Models Accuracy AUC Recall Precision F1
Gradient Boosting Tuned 0.8938 0.9222 0.4839 0.6003 0.5353

Gradient Boosting Tuned (SMOTE) 0.8946 0.9289 0.6933 0.5688 0.6247

WeNATUHATNSATIBUNIngANUFUaN vasuuuTaadlun1saInnisal
nseennaduvestindnwiviugulaesnnsiwes wasiUSeuiisunisidinaila SMOTE
wazldlald mnyadeyaiious 80% wudwuuiaesnldinaia SMOTE deAiugneeas

ign Sowar 92.09 MIUA1T19N 4.9

A15199 4.9 HAANSNNITAINNITAINITEDNNANNAUYDIUNANEIINLUUIIADY Gradient

Boosting veyaveyalieus 80%

Models Predicted Class
Baseline SMOTE

Studying Dropout Studying Dropout

ﬁ Gradient Boosting Studying 19179 854 18849 1184
% Dropout 1391 1508 63 2269
S

= Accuracy 90.21% 92.09%

eI HaanSATIBunIndauduay vewuudtaedunisaanisal
nseennasduvesindnwuiugulaesinsilnes uaziuSeuisunisidinaila SMOTE
warluilalyd anyadeyansiaaeu 20% nuluudtaesnldmaia SMOTE dfAugnaedas

ian Seuay 89.83 MUA13199 4.10
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A15199 4.10 NAANSNISAIANITAINITEDNNANAUTDILNANBIAINWUUINGDY Gradient

Boosting ¥eeyAvaYAnTIRERY 20%

Models Predicted Class
Baseline SMOTE

Studying Dropout Studying Dropout

ﬁ Gradient Boosting Studying 4757 241 4637 361
% Dropout 366 370 222 514
S

= Accuracy 89.41% 89.83%

4.2.3 walladuliinnsandula (Light Gradient Boosting Machine)
d¥194UUT1a 09 Light Gradient Boosting Machine 3¢vi1n15USud s
UszdnSnmuuuitasdasdnludflugaveslalasmsfiwesiunzaulagldnsduniiuy

oA v ° =~ ) PN o d'
Zjll LW@ELVLLU‘U"\]']ﬁ@\ﬁJﬂ’J’]@JLLZ‘JUEJ'W@J']ﬂV]E‘j(ﬂ ANRTINN 4.11

A15199 4.11 msﬂ%’ugulmﬂa%wwwﬁLma%uaﬂquﬁwam Light Gradient Boosting Machine

Classifier Hyperparameter

Light Gradient | bagging fraction=0.9718376845285519, bagging freq=3, boosting type='ghdt’,
Boosting class_weight=None, colsample_bytree=1.0,
Machine feature fraction=0.9245315743763174, importance type='split|,

Tuned learning rate=0.0063243324427668295, max_depth=-1,min_child_samples=25,
min_child_weight=0.001, min_split gain=0.11971047617659925,
n_estimators=294, n_jobs=-1, num_leaves=162, objective=None,
random_state=634, reg_alpha=0.00010167628769265196,
reg_lambda=6.950895343691504e-09, silent='warn', subsample=1.0,
subsample_for bin=200000, subsample freq=0

Light Gradient | bagging fraction=0.5656608696510287, bagging freq=0, boosting type='ghdt’,
Boosting class_weight=None, colsample bytree=1.0,
Machine feature_fraction=0.8449653146546208, importance_type='split|,
Tuned learning rate=0.024861137054985785, max_depth=-1, min_child samples=45,
(SMOTE) min_child_weight=0.001, min_split_gain=0.843530636485069,
n_estimators=95, n_jobs=-1, num_leaves=67, objective=None,
random_state=634, reg alpha=4.351608464426655e-06,
reg_lambda=0.07601458359804605, silent='warn', subsample=1.0,
subsample for bin=200000, subsample freq=0
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NANITAS19LUUIN804 Light Gradient Boosting Machine Tagiia15a1A1
A21QNABY (Accuracy) Arfuldng Il (AUC Scores) A13z8in (Recall) AAa 13U
(Precision) WagAIANUE9Ra (F1 Scores) suaaLLUUﬁﬂaaﬂﬁﬁﬁmaﬂ%’ugulmﬂa%wwswﬁma%ﬁ
weda SMOTE uaziililsléinadin SMOTE Tunisdusnegrafteudtymeaniliaunaves
AaNE WUTIAIAILYNABY (Accuracy) Aitudildne m (AUC Scores) wagA1AILUILEA
(Precision) veawuusiasafildlaldimaiia SMOTE ﬁmqaﬁqmﬁa 0.8999, 0.9303, way 0.6838
muEdU drunuusraesiléinaiin SMOTE fiAnszdn (Recall) uavAsiana (F1 Scores) g4

ﬁqmﬁa 0.6054 wag 0.5984 AMLEINU ANUANTIT 4.12

A919% 4.12 M eansNalszansnmuuuTIassnInnTal Light Gradient Boosting

Machine
Models Accuracy AUC  Recall Precision F1
Light Gradient Boosting Machine Tuned 0.8999 09303 0.3891  0.6838  0.4957
Light Gradient Boosting Machine Tuned 0.8973  0.9283 0.6054  0.5921  0.5984
(SMOTE)

WeRisRaansaITIauvsndauduan vaawuudasddunisaianisel
nseennafuvestindnwuugulaiesnnsinmes waziuSeuiisunisidinaila SMOTE
uwagldlald nyadeyaisous 80% nuluuvuiaesmldlaldmalia SMOTE fid1Anugnaes

guiign Seuaz 93.89 MmumsNl 4.13

= v s 4 Y} o = ° . .
M1971991 4.13 HAaaNINITAINNITUNITEDNNANAUYDIUNANWYIRINLLUUINADY nght Gradient

Boosting Machine va3ynadayalseu; 80%

Models Predicted Class
Baseline SMOTE

Studying Dropout Studying Dropout

§ Light Gradient Boosting Studying 19869 164 19082 951
% Machine Dropout 1236 1663 927 1972
S

= Accuracy 93.89% 91.81%
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WeNATUNATNEATIBUNINgAUEUaN vasuuuTasdlun1saInnisal
nseennanAurastinAnwnusugulawesnisiivnes uasiiouisunisidinalln SMOTE
wazlilald anyadeyansivaeu 20% wuitwuudnassnlilaldinafin SMOTE df1A3y

QNABIgTIgn Sevay 90.53 MUANTINT 4.14

A19199 4.14 HadNSNITAINNITAUINITERNNANAUTDIUNANBIANLUUIIEY Light Gradient

Boosting Machine maﬂﬂgmﬁagamwaau 20%

Models Predicted Class
Baseline SMOTE

Studying Dropout Studying Dropout

§ Light Gradient Boosting Studying 4874 124 4714 284
% Machine Dropout 419 317 266 470
S

= Accuracy 90.53% 90.41%

4.2.4 wetadullinsandula (Random Forest)
#319UUT1889 Random Forest agyisUSuUgIUsEanSnmiuuInaedlag
snludilugavadlaesmaiimesnmunzaulagldnmsaunmuuuduiialibuuinasdaiy

LUgUNTER A9n15199 4.15

M13199 4.15 n15USugulaesmsilinesveawuudnass Random Forest

Classifier Hyperparameter

Random | bootstrap=True, ccp_alpha=0.0, class_weight={}, criterion='gini', max_depth=9,
Forest max_features=0.8827501912186471, max_leaf nodes=None, max_samples=None,
Tuned min_impurity decrease=7.01156001505306e-08,

min_impurity split=None, min_samples_leaf=4, min_samples_split=6,

min_weight fraction leaf=0.0, n_estimators=221, n_jobs=-1, oob_score=False,

random_state=634, verbose=0, warm_start=False

Random | bootstrap=False, ccp_alpha=0.0, class_weight='balanced, criterion='gini,
Forest max_depth=9, max_features=0.8766737313400876, max_leaf nodes=None,
Tuned max_samples=None, min_impurity decrease=9.509229719584798e-07,

(SMOTE) | min_impurity_split=None, min_samples_leaf=4, min_samples_split=9,

min_weight fraction leaf=0.0, n_estimators=226, n_jobs=-1, oob_score=False,

random_state=634, verbose=0, warm_start=False
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HAN15a3519uuUd1a89 Random Forest Lag#ia15UIAIAI1IUYNABY
(Accuracy) Aiuldns w (AUC Scores) Anszan (Recall) Aramiaiug (Precision) wavAn
AwEena (F1 Scores) waanuudnaasdivinnsusugulerasmisiiwesiliinaia SMOTE
uazilaililtineda SMOTE Tunsgusediafiownrdgmenlisugavesaana oAy
9n#as (Accuracy) A1 uléinga9l (AUC Scores) uarAA21uUsIUE" (Precision) 181
wuusansfildlaldimaiian SMOTE ﬁmqqﬁqmﬁa 0.9018, 0.9300, kag 0.6467 AIUAIRU AU
wuudnaesdildinaila SMOTE ffszdn (Recal) wazA1dawna (F1 Scores) geitande 0.6733

wag 0.6056 ANUAIRU ANUAISIN 4.16

AN5199 4.16 ANSILANINAUTEANTANLUUINADIANNNITA] Random Forest

Models Accuracy AUC  Recall Precision F1
Random Forest Tuned 0.9018 0.9300 0.4912  0.6467  0.5581
Random Forest Tuned (SMOTE) 0.8892 09230 0.6733  0.5507  0.6056

WeRisRadnsaITIauvsndauduan vaawuudiasddunisaianisel
nseennanAuvasinAnwnuTugulaesnisines uasiisuisunisidinailn SMOTE
wagldlald nyadeyaisous 80% nuluuuiaeldlaldmealin SMOTE fid1Anugnaes

guiign Soga 93.41 MUMITIN 4.17

A15199 4.17 NAANSNISAIANITAINITEDNNANAUVDITNAN®IAINLUUIIADY Random

Forest va3ynvayalsgu; 80%

Models Predicted Class

Baseline SMOTE

Studying Dropout Studying Dropout

ﬁ Random Forest Studying 19576 457 18678 1355
% Dropout 1054 1845 718 2181
S

= Accuracy 93.41% 90.96%

LANDITUINAGNTANT LN AGANUFUAL VDILUUINADILUNITAIANTR
nseennafuvestindnwuugulaesinsiwes wasiuSeuiisunisidinaila SMOTE
warldlald anyadeyansisaey 20% wuitkuuitaesililaldvatia SMOTE de1A

QNADIEIan Jeuay 90.70 AUANTINN 4.18
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A15199 4.18 NAANSNITAIANITAINITEDNNANAUVDITNANYIAINLUUIIADY Random

Forest ¥@aYnvayansIaaey 20%

Models Predicted Class
Baseline SMOTE

Studying Dropout Studying Dropout

ﬁ Random Forest Studying 4813 185 4630 368
% Dropout 348 388 222 514
S

= Accuracy 90.70% 89.71%

4.2.5 wadadulinisandula (Extreme Gradient Boosting)
a319uuuUdaes Extreme Gradient Boosting 3¥vin15Usuusauseansam
wuuitaedlaednludilugavedlailasnisfiwasivunzanlagldnisAuniwuugu iiveli

o IS ! o d' (% a
LUURIABINAINULNULININNER AN 4.19

A19797 4.19 ﬂﬁﬁﬂ%U@NlﬁLU@%WﬁiﬁﬁLW@%‘U@QLLU‘UGﬁ’WaaQ Extreme Gradient Boosting

Classifier Hyperparameter
Extreme base score=0.5, booster='gbtree’, callbacks=None, colsample_bylevel=1,
Gradient colsample_bynode=1, colsample_bytree=0.8802288917202505,

Boosting Tuned | early stopping rounds=None, enable_categorical=False, eval _metric=None,
gamma=0, gpu_id=0, grow_policy='depthwise', importance type=None,
interaction_constraints=", learning_rate=4.89600331032762e-06,
max_bin=256, max_cat _to_onehot=4, max_delta_step=0, max_depth=3,
max_leaves=0, min_child_weight=2, missing=nan, monotone_constraints='(),
n_estimators=115, n_jobs=-1, num_parallel_tree=1,
objective="binary:logistic', predictor="auto', random_state=634,
reg_alpha=0.004109878925992609 reg lambda=2.5947235925069237e-06,
sampling_method=uniform, scale pos weight=1.270503475873832,
subsample=0.42613997810498, tree_method="gpu_hist/,

use_label encoder=True, validate parameters=1, verbosity=0

Extreme base score=0.5, booster='gbtree’, callbacks=None, colsample_bylevel=1,
Gradient colsample_bynode=1, colsample bytree=0.8850877055995618,
Boosting Tuned | early stopping rounds=None, enable categorical=False, eval_metric=None,

(SMOTE) gamma=0, gpu_id=0, gsrow_policy='depthwise', importance type=None,
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Classifier Hyperparameter

interaction_constraints=", learning rate=0.1098112143506425, max_bin=256,
max_cat _to_onehot=4, max_delta step=0, max_depth=5, max_leaves=0,
min_child_weight=3, missing=nan, monotone_constraints="(),
n_estimators=198, n_jobs=-1, num_parallel tree=1,objective='binary:logistic,
predictor="auto’, random_state=634, reg alpha=0.0007616496701947522

reg lambda=1.6562708449602826e-07, sampling_method=uniform,
scale_pos weight=1.0611030349269899, subsample=0.9266198529773333,

tree_method="gpu_hist', use_label encoder=True, validate_parameters=1,

verbosity=0

HANISAS19LUUINABY Extreme Gradient Boosting Tagfa1sauIAIAIY
9nAea (Accuracy) AflulEns Il (AUC Scores) Asean (Recall) Araanuusiugh (Precision)
LArA1AINEIRa (F1 Scores) vasuvuiiassiiinnisuiugulaesmsfimesildinada
SMOTE wagildldldinaiia SMOTE lunisgudregraeudtymanuliaunavesnaa
WUIAIAIINGNFBS (Accuracy) Anszan (Recall) uazAndIsna (F1 Scores) Te3uuudnansdi
lailfldmadla SMOTE fiAngafianfie 0.8849, 0.6023, uar 0.5655 AuaFy drunuUTIABa
T#inafia SMOTE feriuifldngnl (AUC Scores) wagArALLILEN (Precision) geTiandie

0.9167 wag 0.5512 AUSITU AUAITI 4.20

A15197 4.20 A1TUEAINAUTEENBANLUUTIADIAIANTTAS Extreme Gradient Boosting

Models Accuracy AUC  Recall Precision F1

Extreme Gradient Boosting Tuned 0.8849  0.9147 0.6023  0.5451  0.5655

Extreme Gradient Boosting Tuned (SMOTE) 0.8848 09167 0.4819  0.5512 0.5141

WeasuHaanSAITInunIndauduay vasuudasdlunisainnisal
nseennanAurasinAnwnusugulaesnsiines wuasiisuisunisidinailn SMOTE
wazlalald mnyadeyaisous 80% wudmuuitaesnldinaia SMOTE dA1A1ugneAegs

ﬁq@ £9eay 92.28 MUANTIR 4.21
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A5199 4.21 NAAWSNISAIANISAINITERNNANAUYBITNANYIANNLUUIIADY Extreme

Gradient Boosting YasyAvauaseus 80%

Models Predicted Class
Baseline SMOTE

Studying Dropout Studying Dropout

§ Extreme Gradient Boosting Studying 18975 1058 19305 728
% Dropout 1407 1492 1042 1857
S

= Accuracy 89.25% 92.28%

BN TUINAANTHNTIBUNI NTAIMUF VAL VBIUUIIABIUNISAIANITE]
nseennasduvettindnwuiugulaiesinsines waziuSeuiisunisidinaila SMOTE
wazlilald anyadeyansivaeu 20% wuitwuudnassnlilaldinaiin SMOTE df1A3y

ONABIAIIAR Fa8aY 89.29 MNANTINT 4.22

A15197 4.22 NAANEN1IAIANITAINITODNNANAUYDILNANYIINLUUINABY Extreme

Gradient Boosting %aﬂﬂgmsﬁagamwaau 20%

Models Predicted Class
Baseline SMOTE

Studying Dropout Studying Dropout

ﬁ Extreme Gradient Boosting Studying 4728 270 ar1v 281
o Dropout 344 392 352 384
>
= Accuracy 89.29% 88.96%
4.2.6 NammﬁauLﬁauﬂizﬁw%mwme"ﬂaa«mmmmﬁw%’agaszﬁu
USeyeys

nanN1TUTBUBUUTEENSNINTOILUUT1a0UN1TAIANITAINITODNNATSAY
VOIUNANTEAUUT Y193 éhamﬂﬁﬂmsﬁsuimaqm%‘mﬂizLﬂwé’fulﬁmsﬁmﬁuia 5 WU 9
Ievhnsusuguleesmniines Ussneuseyndeyaiviladuyadoyaundilailiusuainm
auna uazynteyafiansilliinaiia SMOTE ileufuaiuaunavesteya Tneiflofiansan
Uszansnmuesuuudiasdluyadeyaivianuituuudiass Random Forest lAAa1
gnAes (Accuracy) ﬁmqﬁqmﬁa 0.9018 ¥9983U1ABLUUINADY Light Gradient Boosting

Machine #A1 0.8999 wuud1aes Decision Tree fA1 0.8942 WUUIN@DY Gradient Boosting
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a0

flAn 0.8938 wazwUUSIaDY Extreme Gradient Boosting §iA1 0.8849 muad1su waziile
Forsanariuiilénginl (AUC Scores) wuTwuUs aes Light Gradient Boosting Machine
Agafignfie 0.9303 599A91ABLUUT1ADS Random Forest Sl 0.9300 wuudtass
Gradient Boosting 31A1 0.9222 wuuUd1a9 Extreme Gradient Boosting 311 0.9147 uay
uuUda09 Decision Tree /1 0.8960 Amddy wazidlefiarsanmudna (F1 Scores)
WuIUUsIaes Extreme Gradient Boosting fifngsfigndie 0.5655 sesasunieuuuiiasd

Random Forest dA1 0.5581 LuUU31884 Decision Tree 1A 0.5384 LuUI1a89 Gradient

a

Boosting 31A1 0.5353 wazluud1aes Light Gradient Boosting ﬁﬁw‘fmqmﬁa 0.4957
TN

waziflofiansanludeyayeiiaesiléinaiin SMOTE Ufurwaunavestoya
WuIAsEan (Recall) GUENLLUUﬁ?waaaﬁauiwzgﬁﬁiwLﬁuﬁuLLazﬁWﬂaﬂuLLﬂuﬁﬂ (Precision) anaq
ulilelisudndiunisainnisaivesmnanyaiaazifionuiszdn (Recall) uazArany
uiiugn (Precision) fsafiudedn F1 Scores ‘W‘U’jﬁLLUUﬁTﬂaaﬂﬁ’Juiﬁﬁiﬁﬁﬁ’]Lﬁﬂ@ﬂsﬁu g
Wuudnaes Light Gradient Boosting Machine Tir1Augnsias (Accuracy) Qﬂﬁqmﬁa 0.8973
3998901ABLUUT1a8Y Gradient Boosting dA1 0.8946 wuud1a89 Random Forest {@AN

0.8892 KUUT189 Decision Tree 3A1 0.8869 wazluud1aed Extreme Gradient Boosting

al

Avnfiande 0.8848 dauAuitling1 (AUC Scores) Wuiwuudnass Gradient Boosting

jmd)}

ﬁmgaﬁqmﬁa 0.9289 5098911ABLUVINADY Light Gradient Boosting Machine A1 0.9283

WUUT1889 Random Forest #iA1 0.9230 Luudnaed Extreme Gradient Boosting &A1 0.9167

o a

LAzl UUdNaes Decision Tree fAAN7Igaae 0.9049 wazlilafa15a1A1 F1 Scores WUl

'
P

WUUI1809 Gradient Boosting IANasign@e 0.6247 599a911A8 LWUUT1899 Random Forest

Y 9

A" 0.6056 LUUT1804 Light Gradient Boosting Machine fiA1 0.5984 Wuud1aes Decision

a

Tree 1A 0.5543 Lazuuud1aes Extreme Gradient Boosting AA1d7ignme 0.5141
ANUAIAU ANUAITIN 4.23 kaznNINT 4.1

a

a ) a a a o (% gj 2
A13199 4.23 ANS1UTBUNYUUTEENTNINVDILUUINADY iz@‘U“Hu‘UiQJﬁU’Wﬁ

<

Models Accuracy  AUC Recall  Precision F1
Decision Tree 0.8942 0.8960  0.4895 0.6017 0.5384
Decision Tree (SMOTE) 0.8869 0.9049  0.5564 0.5527 0.5543
Extreme Gradient Boosting 0.8849 09147  0.6023 0.5451 0.5655

Extreme Gradient Boosting (SMOTE) 0.8848 0.9167  0.4819 0.5512 0.5141
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Models Accuracy  AUC Recall Precision F1
Gradient Boosting 0.8938 0.9222  0.4839 0.6003 0.5353
Gradient Boosting (SMOTE) 0.8946 0.9289 0.6933  0.5688  0.6247
Light Gradient Boosting Machine 0.8999 0.9303  0.3891 0.6838 0.4957
Light Gradient Boosting Machine (SMOTE) ~ 0.8973 0.9283  0.6054 0.5921 0.5984
Random Forest 0.9018 0.9300 0.4912 0.6467 0.5581
Random Forest (SMOTE) 0.8892 0.9230 0.6733 0.5507 0.6056

1.0000

0.9000

0.8000
0.7000
0.6000
0.5000
0.4000
0.3000
0.2000
0.1000
0.0000

Baseline SMOTE | Baseline SMOTE Baseline SMOTE Baseline SMOTE Baseline SMOTE

Accuracy AUC Scores Recall Precision F1 Scores

M Decision Tree Classifier M Gradient Boosting Classifier
M Light Gradient Boosting Machine = Random Forest Classifier
B Extreme Gradient Boosting

o
LYY

AN 4.1 n5UTEUBUUTEANEAMUDILUUTNEDY TEAUTUUTYI9S

va o

AdeUsuifiulszaniainuuudtassainafiuiilangw (AUC Scores) 1lu

o w =

&ény esnniduinisnseaeuilflumsussiiiuuuudrassninnisalnindr AUC Scores
fiAlnd 1 10 wansimuudiassiivszavdamlunssiuunnguesnaindulsignies dens
ill#inandns True Positive Rate uax False Positive Rate naainmsvaaosuanslfiiiuii
LuuF1a84 Light Gradient Boosting Machine #ilsilsu3uusaninuaugavoatoya i
UszAnsnngaan Tagliaritudldnsn (AUC Scores) gafign id1 0.9303 sosasunie

WUUT18849 Random Forest NidalnalABsiuAs 0.9300 Lagluud1aey Gradient Boosting



72

fien 0.9222 Tasuuudassita 3 wuulirnaugndes (Accuracy) ninfesay 90 laefiteth

WuUsaed Lisht Gradient Boosting Machine #ildisananlulénusely
nnadnsefuausauandfuiilénsin (AUC Scores) waznnsna

lwn3ngaNduau (Confusion Matrix) 9991 UUIN884 Light Gradient Boosting Machine

INYATBYANTIIABY 20% LAFININT 4.2 ke 4.3 Auanu

ROC Curves for LGEMClassifier
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AMd 4.2 ROC Curves Ua9kUUSIAD1 Light Gradient Boosting Machine mﬂéqﬂ%aaﬂa

M3 DU

LGBMClassifier Canfusion Matrix
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1 419 317
o —
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AMd 4.3 Confusion Matrix YaIkUUSIADS Light Gradient Boosting Machine mﬂéqm%’aga

MIIADU
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NTUTRIN1TTAUTEANE A NYEIMUUS a8 Light Gradient Boosting
Machine veayatayasefuUIna 193 #e Leaming Curve wuindeldynnisilnuuiaiin
AzuuUNTENIzgIvIofiondsn udazuUUNIMAGUAMSaALLYTUIIUGS NE1nAD
wuusaesiiu Overfitting 9nduidievhmaifismuingadeyanisiinnuifieafigeduusina
wUsUTINanasdanugauIInsIiinyadeyanisinuuudiaesazirsantymninisg

Overfitting asbéi fan il 4.4

Learning Curve for LGBMClassifier

.——r/—"/*—*\’\\_‘
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A 4.4 Learning Curve Ua9wUUS1a84 Light Gradient Boosting Machine

[y o

drunadnsaaaniRtadend Ay 10 Sudunsnueiuudnaed Light Gradient

o

al

Boosting Machine loun #anisiseundsavaunswdidnviiudadodrfnuiian sesasunde

o7

AZRUUNYIBINGENBUNIANY HansSeuadvaza nan1sssuadelagtu sednsedey

1%
Y

o ¢ v a Yy a a aa o A v = d'
UNANWI i']EJlﬂLQﬁEJlI']i@'] 3781@LQ@8‘U@W A0ULYUUN UIUNUDY LaTNIANISANEYIN 1

ANUAIAU HININT 4.5
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Feature Importance Plot
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ACC_GPA —= 2
YEAR_STATUS - —— o —
GPA . e
EDU_TERM_1 -
HSC_GPA
ENG_SCORE

MILITARY_NAME_ENG_No

AVG_EXPENSE

FATHER_AVG_INCOME

MOTHER_AVG_INCOME
FAC_GROUP_MNAME_ENG_Science and Technology Group

L
'~}
o
Feature value

]

FAC_MNAME_ENG_Faculty of Engineering

SIBLING_LIVE

ENT_METHOD_G_Direct system

FAC_MNAME_ENG_Faculty of Law

SEX_NAME_ENG_Female

FAC_GROUP_NAME_ENG_Health Sciences Group
FAC_GROUP_NAME_ENG_Social Sciences and Humanities Group
FAC_MNAME_ENG_Faculty of Liberal Arts
FAC_MNAME_ENG_Faculty of Science

. +T"'T+T'|'+4'+'|'+‘i"f++"*

-1 1 2

SHAP value (impact on model output)

A il 4.6 AauandRUadenddgyainuaunIn (SHAP) veauuuinaed Light Gradient

Boosting Machine

4.3 nan1sAILILUUTIaaInIansalyadayaszautuludindne

Tudhuiagthuvudassnisdouiveaniosssandulinsdadulats 5
wuU 11¥nsAIANsainIseannansduesindnussdudutudiadnu tnelinedaden
AandAfILYs msUiugulaesmiies wasnslinaiaTsduasgideyariivvous
azuuudiaes lelIeuiiioulstansamuuudiass wazmnumunzanvesnisiluldau
Tneuusyatoyananidy 10 Yalun1saiwuasinaaukuuinass K-Fold Cross Validation 10

folds MnyaTaUATEUS 80% (4,211) uazyntalanIadaUBN 20% (1,053)

4.3.1 wailaduldnisandula (Decision Tree)
lun1sasrsuuudnans Decision Tree agvi1n15UTUUTIUsEANT AN
wuuinaedlagdnludilugnvedlailasnisfmesnmunzaulagldnisauniwuugu iively

° ~ o a' o A
LL‘U‘UGU']a@QlIﬂ'NlILL@JUEJ']N']ﬂVl?j@ ANAITIN 4.24
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M19197 4.24 n15USuulalasnnslnesveawuudnaes Decision Tree

Classifier Hyperparameter

Decision ccp_alpha=0.0, class_weight=None, criterion='entropy', max_depth=>5,
Tree Tuned | max_features=0.7097575197717978, max_leaf nodes=None,
min_impurity decrease=1.2176674734370814e-06, min_impurity split=None,
min_samples_leaf=4, min_samples_split=6, min_weight fraction leaf=0.0,

presort='deprecated’, random_state=634, splitter='best'

Decision ccp_alpha=0.0, class_weight=None, criterion='gini', max_depth=14,
Tree Tuned | max_features=0.5299597777749986, max_leaf nodes=None,

(SMOTE) min_impurity decrease=3.3286524135805355e-09, min_impurity split=None,
min_samples_leaf=4, min_samples split=7, min_weight fraction leaf=0.0,

presort="deprecated’, random_state=634, splitter="best'

NANT58319WUUINa8Y Decision Tree I@aﬁm%mqmmmgﬂéfaﬂ (Accuracy)
Auiildngsl (AUC Scores) Anseain (Recall) AAtasiugh (Precision) wagAAI1AIdI3Aa
(F1 Scores) vpsuvuinansiivinnsuivgulaosmsiimesaléinaia SMOTE uaziilailald
medla SMOTE Tunsdusegaileuidymininuliaunavesnaia nuitinnugnies

(Accuracy) AUNLANSIN (AUC Scores) kagA1ANuLiug (Precision) Uasuwuudnaositlule

[y 1 o

¥malia SMOTE fidgsilgnie 0.8411, 0.7591 uay 0.6635 MWAINU drunuusraesdild

'
= = =

wAlla SMOTE fA1528n (Recall) kazA1AI116399a (F1 Scores) geNgnfe 0.4691 wag

Y 9

0.4427 AUMTIT 4.25

A157197 4.25 A159UEAINAUTEENBANLUUTIaDIAIANTS Decision Tree

Models Accuracy AUC Recall Precision F1
Decision Tree Tuned 0.8411 0.7591 0.2607 0.6635 0.3601
Decision Tree Tuned (SMOTE) 0.7891 0.7112 0.4691 0.4233 0.4427

LIANDITUINAGNTANTIUNIATANUFUAL VDILUUINADILUNITAIANTR
nseennauvestindnwuugulaiesinsiwes wasiuSeuiisunisidinaila SMOTE
wazlalald mnyadeyaisous 80% wudwuuitaesnldinaia SMOTE de1A1ugneAegs

ian Seuay 87.96 MUANT1NN 4.26
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A15199 4.26 NAGNSNITAIANISAINITEDNNANAUVBILNANBIINWUUINGBY Decision Tree

YBIYAToYALTEUS 80%

Models Predicted Class
Baseline SMOTE
Studying Dropout Studying Dropout
§ Decision Tree Studying 3287 169 3204 252
% Dropout 485 270 255 500
E Accuracy 84.47% 87.96%

LIANAITUINAANEANTINUNINFANUFUAL VILUUINADIIUNITAINNISA]
nseennasduvettindnwuiugulaiesinsines waziuSeuiisunisidinaila SMOTE

wazlilald anyadeyansivaeu 20% wuitwuudnassnlulaldinafin SMOTE df1A3y

QNADIEIAR Fauay 83.19 MUANTINN 4.27

A157197 4.27 NAANEN1IAIANITAINITODNNANNAUYDILNANYIINLUUINABY Decision Tree

ﬂ@ﬂﬁﬂ‘ﬁ@%@@i’lﬁ]ﬁ@‘U 20%

Models Predicted Class
Baseline SMOTE
Studying Dropout Studying Dropout
ﬁ Decision Tree Studying 806 a7 740 113
3 Dropout 130 70 114 86
E Accuracy 83.19% 78.44%

4.3.2 wadaaulin1sandula (Gradient Boosting)

a319uuudNaes Gradient Boosting 3¥vN1USUUTIUTEANSANULUUIIADS
lnednludifluyavaslaweosmsimesivangaulaglinisAumuuvduiielivuuitasd

1 o dl o d‘
AHULUULIUNINNEN AIRT1TNIN 4.28
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M19197 4.28 N15Usuulalasnnslnesveawuudnass Gradient Boosting

Classifier Hyperparameter

Gradient | ccp_alpha=0.0, criterion="friedman_mse', init=None,

Boosting | learning rate=0.014240765680578197, loss='deviance', max_depth=9,
Tuned max_features=0.6445675491172762, max_leaf nodes=None,

min_impurity decrease=1.6623248340662306e-09, min_impurity split=None,
min_samples_leaf=4, min_samples_split=2, min_weight fraction leaf=0.0,
n_estimators=107, n_iter no_change=None, presort='deprecated,
random_state=634, subsample=0.9297093575172972, tol=0.0001,

validation_fraction=0.1, verbose=0, warm_start=False

Gradient | ccp_alpha=0.0, criterion="friedman_mse', init=None,

Boosting learning_rate=0.02024595699168006, loss='deviance', max_depth=6,
Tuned max_features=0.5292854327228281, max_leaf nodes=None,

(SMOTE) | min_impurity decrease=0.009015363936207022, min_impurity split=None,
min_samples_leaf=3, min_samples split=9, min_weight fraction leaf=0.0,
n_estimators=155, n_iter_no_change=None, presort='deprecated,

random_state=634, subsample=0.8348581066012426, tol=0.0001,

validation_fraction=0.1, verbose=0, warm_start=False

HAN15a5194UUINA84 Gradient Boosting LAy a1TMUIAIAINNYNABS
(Accuracy) Aitudilénsaml (AUC Scores) fnszan (Recall) AnAanuusiughn (Precision) wazan
ANuEna (F1 Scores) vasuuudtassiivhinmsuiugulaesmaiimesiliinada SMOTE
wazilillalfivaia SMOTE Tumsduieeafionidameniliaunavesnata wuiiaem

gneias (Accuracy) wagAIAIULAILEN (Precision) veduuuiassililaldinaila SMOTE dif

= i =

gefianfe 0.8509 wag 0.7183 awandy duduitldng sl (AUC Scores) A1sedn (Recall)

LarA1AINME399a (F1 Scores) YaauuudIaefildinaila SMOTE ddgeignfie 0.7842,

q

0.4492 uag 0.4875 AUSITU ANUATTIN 4.29

A919% 4.29 MT9LERINAUTZENSAIMLUUTIaBIAIANITAl Gradient Boosting

Models Accuracy AUC Recall Precision F1

Gradient Boosting Tuned 0.8509 0.7820 0.2822 0.7183 0.4025

Gradient Boosting Tuned (SMOTE) 0.8319 0.7842 0.4492 0.5413 0.4875
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HIBRANTUINAANEHNTIBUNI NTAIMUFUAL VBIUUIIABIIUNISAIANITE]
nseennanAurastinAnwnusugulawesnisiivnes uasiiouisunisidinalln SMOTE

wagldlald nyadeyaisons 80% nuluuuiaeslilaldmeiin SMOTE fid1Anugnaes

gufign Souaz 89.03 MMM 4.30

A157197 4.30 NAANEN1IAIANITAINITODNNANAUYDIUNANYIINLUUINABY Gradient

Boosting UasyAvayAlIeu; 80%

Models Predicted Class
Baseline SMOTE
Studying Dropout Studying Dropout
§ Gradient Boosting Studying 3430 26 3229 227
% Dropout 436 319 315 440
E Accuracy 89.03% 87.13%

LIANTUINAANEANTIUNINGANUFUAL VDILUUINADILUNITAIANT
nseennansfuvestindnwuugulaiesnnsines waziuSeuiisunisidinaila SMOTE

warliilald anyadeyansivaeu 20% wuituuudnassnlilaldinafin SMOTE derAdny

QNAosaeVian Seuay 84.62 MUANTINN 4.31

A15199 4.31 NAANSNITAIANITAINITEDNNANAUTDILNANBIAINWUUINGDY Gradient

Boosting maaﬁ;ﬂ%’aaﬂamnaau 20%

Models Predicted Class
Baseline SMOTE
Studying Dropout Studying Dropout
% Gradient Boosting Studying 832 21 768 85
3 Dropout 141 59 106 94
2 Accuracy 84.62% 81.86%

4.3.3 walladuliinnsandula (Light Gradient Boosting Machine)
@379 uuUd1a09 Light Gradient Boosting Machine 3¢¥1n15U3SuU{s
UszdnSnmuuuitasdasdnludilugaveslaesmsfiwesiunzaulagldnsauniuy

1 A 44 o IS ! o d‘ v d'
Z‘jllLW@I‘VILL‘UU‘U']@@QNWNNLLSJUFJ'W&J']ﬂV]?jﬂ PRI 4.32
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M19197 4.32 N1sUsugulaasmnsiwmesvesuuudnass Light Gradient Boosting Machine

Classifier Hyperparameter
Light bagging fraction=0.4930653502543217, bagging freq=7,
Gradient boosting type='gbdt’, class weight=None, colsample bytree=1.0,
Boosting feature_fraction=0.5343498506182052, importance_type='split|,
Machine learning rate=0.03608092217951852, max_depth=-1, min_child_samples=26,
Tuned min_child_weight=0.001, min_split gain=0.6786859715976972, n_estimators=80,
n_jobs=-1, num_leaves=187, objective=None, random_state=634,
reg_alpha=1.296290442338103e-07, reg lambda=0.031101847314716723,
silent='warn’, subsample=1.0, subsample for bin=200000, subsample_freq=0
Light bagging fraction=0.6373183531590281, bagging freqg=7,
Gradient boosting type='gbdt’, class_weight=None, colsample_bytree=1.0,
Boosting feature fraction=0.5984439918153773, importance_type='split’,
Machine learning_rate=0.025145420020642312, max_depth=-1, min_child_samples=3,
Tuned min_child_weight=0.001, min_split gain=0.8789874151353874,
(SMOTE) n_estimators=247, n_jobs=-1, num_leaves=153, objective=None,
random_state=634, reg_alpha=4.689789223484412e-05,
reg lambda=5.705118598889439e-07, silent='warn', subsample=1.0,
subsample_for bin=200000, subsample freq=0

HANITAS19LUUIN881 Light Gradient Boosting Machine Tagia15u1a1

1 =

A11YNABY (Accuracy) AMUALANTIN (AUC Scores) A15edn (Recall) AnAd1uusiuen

(Precision) uazA1AUAAa (F1 Scores) vaduuuInaasfivinisusugulawainisiivnesy

Idwnaia SMOTE wagnlidlaldinaiia SMOTE lunsdudiegraieundymaiuliaunaves

ARNE WUIIAIAIIUYNABY (Accuracy) ANNUNTANTIM (AUC Scores) waga1AI13LaIuEN

(Precision) vosuuudnaesflalldldinaila SMOTE fidngefigade 0.8485, 0.7445 uay 0.7545

AIUAITU dauA15EEn (Recall) wazA1AUAIIAa (F1 Scores) ¥ashuudnaeefildinaiia

SMOTE fiAngafignfie 0.3776 uag 0.4572 mudfu mupsedl 4.33
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A919% 4.33 M sansNalszansnmuuUTIassnInnTal Light Gradient Boosting

Machine

Models Accuracy  AUC Recall  Precision F1

Light Gradient Boosting Machine Tuned 0.8485 0.7745  0.2345 0.7545 0.3560
Light Gradient Boosting Machine Tuned 0.8409 0.7709  0.3776 0.5907 0.4572

(SMOTE)

HIBRATUINAANERNTIBUNS NTAMUFUAY VBILUUIAIlUNITANNNTTR
nseennasduvestindnwuiugulaiesnnsines waziuSeuiisunisidinaila SMOTE
wazldlald mnyadeyaiious 80% wuiwuuitaesnltdinaia SMOTE dAAinugneiesas

ian Seuay 91.47 AUANS1N 4.34

A19199 4.34 HadNSNIIAINNITAINITERNNANAUTDIUNANBIAALUUIIEY Light Gradient

Boosting Machine va3yadayaiiau; 80%

Models Predicted Class
Baseline SMOTE
Studying Dropout Studying Dropout
ﬁ Light Gradient Boosting Studying 3411 a5 3379 77
% Machine Dropout 566 189 282 473
E Accuracy 85.49% 91.47%

LIANITUINAGNEANTINUNINGANUFUAL VILUUINABIIUNITAIANISTA]
nseennaduvestindnwuugulaiesnnsiwes wasiuSeuiisunisidinaila SMOTE

warllald anyadeyansiaaey 20% nuiwuunaesildmatia SMOTE deanugnaedas

ian Seuay 83.48 MUANS19N 4.35
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A19199 4.35 HASNENITAIANITAINITERNNANAUYDIUNANBIAALUUIIAY Light Gradient

Boosting Machine ¥83yavayansiaaeu 20%

Models Predicted Class
Baseline SMOTE

Studying Dropout Studying Dropout

ﬁ Light Gradient Boosting Studying 832 21 801 52
% Machine Dropout 154 46 122 78
S

= Accuracy 83.38% 83.48%

4.3.4 watladullinsdadula (Random Forest)
#319LUUT1889 Random Forest agyinsUSuUsUsEanSnmiuudnaedlag
dnlulidluyavaslailesmsfiwesnmunzaulagldnisrumuuuduiieliuuuitassdiaiy

waugNNAGR F99151997 4.36

M1519% 4.36 NMsusugulawesmaiiesveduuudiass Random Forest

Classifier Hyperparameter

Random bootstrap=False, ccp_alpha=0.0, class_weight={}, criterion='gini', max_depth=7,
Forest max_features=0.7907046396479619, max_leaf nodes=None,

Tuned max_samples=None, min_impurity _decrease=3.6815809059953807e-06,
min_impurity_split=None, min_samples_leaf=4, min_samples_split=8,
min_weight fraction leaf=0.0, n_estimators=267, n_jobs=-1, oob_score=False,

random_state=634, verbose=0, warm_start=False

Random bootstrap=True, ccp_alpha=0.0, class_weight="balanced, criterion='gini,
Forest max_depth=11, max_features=0.4793543132516757, max_leaf nodes=None,
Tuned max_samples=None, min_impurity decrease=9.25987373470026e-08,

(SMOTE) min_impurity_split=None, min_samples_leaf=3, min_samples_split=2,

min_weight fraction leaf=0.0, n_estimators=200, n_jobs=-1, oob_score=False,

random_state=634, verbose=0, warm_start=False

HAN15a3519uUUT1889 Random Forest Lagfia15UIAIAI1UYNABY
(Accuracy) AfulansIn (AUC Scores) A15ean (Recall) A1A1uKIUEN (Precision) Wagan
AUENAA (F1 Scores) vaawuudnaesviinisuuulawesmiiwesnldinaila SMOTE

waznlidlaldmetin SMOTE Tunisdudiegnaiauntavimnuliaunavesnata wuinaay
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[
v 1 A

9n#oa (Accuracy) ANTtu#AlANS19 (AUC Scores) wazA1AI1uLiubn (Precision) Y8
wuiaesilillalivadin SMOTE fegsiianfie 0.8528, 0.7886, ua 0.6983 muady dwu
wuudnaesfiliinadla SMOTE fifnszan (Recall) wazAdaena (F1 Scores) gafignde 0.4491

way 0.4794 ANUAIRU ANUAISIN 4.37

M15199 4.37 A5 19LENIRNAUTEANS A NLUUINEBIAIANITAY Random Forest

Models Accuracy  AUC Recall  Precision F1
Random Forest Tuned 0.8528 0.7886  0.3193 0.6983 0.4358
Random Forest Tuned (SMOTE) 0.8257 0.7877  0.4491 0.5211 0.4794

LHIBRANTUINAANEANTIBUNS NTAMUF VAL VBIUUIIABIUNISAIANITE]
nseennasduvestindnwuiugulaiesinsines waziuSeuiisunisidinaila SMOTE
wazldlald mnyadeyaiious 80% wuiwuuiiaesnldinatin SMOTE dAA1ugneeas

ign Sovar 90.14 M1UA13197 4.38

A5199 4.38 NAGNSNITAIANITAINITEBNNANAUYBILNAN®IANNLUUINADY Random

Forest va3yavayalsgu; 80%

Models Predicted Class
Baseline SMOTE

Studying Dropout Studying Dropout

ﬁ Random Forest Studying 3402 54 3268 188
3 Dropout 484 271 227 528
S

= Accuracy 86.13% 90.14%

LN UINAANEANTIWUNINGANUFUAN VDILUUINADILUNITAIANTR
nseennauvestindnwuugulaiesinsiwes wasiuSeuiisunisidinaila SMOTE
warlilald anyadeyansivaeu 20% wuitwuudnassnlilaldinaiin SMOTE derAdny

QNAB3EaIgn Sevay 84.14 MUANT19 4.39
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A15199 4.39 NAANSNITAIANISAINITEDNNANAUVDITNANYIAINLUUIIADY Random

Forest ¥@aYnvayansIaaey 20%

Models Predicted Class
Baseline SMOTE

Studying Dropout Studying Dropout

ﬁ Random Forest Studying 824 29 768 85
% Dropout 138 62 104 96
S

= Accuracy 84.14% 82.05%

4.3.5 wadadulinisandula (Extreme Gradient Boosting)
a319uuuUdaes Extreme Gradient Boosting 3¥vin15Usuusauseansam
wuuitaedlaednludilugavedlailasnisfiwasivunzanlagldnisAuniwuugu iiveli

o IS ! o d' (% a
LUURIABINAINULNULININNER AN 4.40

A135199 4.40 ﬂﬁﬂ%UQiJlﬁLU’eﬁW’ﬁﬁﬁLG]E)%SU’@QLL‘U‘Uﬁﬂaa\‘i Extreme Gradient Boosting

Classifier Hyperparameter

Extreme base_score=0.5, booster='gbtree’, callbacks=None, colsample_bylevel=1,
Gradient colsample_bynode=1, colsample_bytree=0.8850877055995618,

Boosting early stopping_rounds=None, enable_categorical=False, eval metric=None,
Tuned gamma=0, gpu_id=0, gsrow_policy='depthwise', importance type=None,
interaction_constraints=", learning rate=0.1098112143506425, max_bin=256,
max_cat_to_onehot=4, max_delta step=0, max_depth=5, max_leaves=0,
min_child_weight=3, missing=nan, monotone_constraints='(, n_estimators=198,
n_jobs=-1, num_parallel tree=1, objective='binary:logistic', predictor="auto’,
random_state=634, reg alpha=0.0007616496701947522,
reg_lambda=1.6562708449602826e-07, scale pos weight=1.0611030349269899,
subsample= 0.9266198529773333, tree_method='gpu_hist/,

use_label _encoder=True, validate parameters=1, verbosity=0

Extreme base score=0.5, booster='gbtree’, callbacks=None, colsample_bylevel=1,
Gradient colsample_bynode=1, colsample bytree=0.8850877055995618,

Boosting early stopping rounds=None, enable_ categorical=False, eval _metric=None,
Tuned gamma=0, gpu_id=0, srow_policy='depthwise', importance type=None,

(SMOTE) interaction_constraints=", learning rate=0.1098112143506425, max_bin=256,

max_cat_to_onehot=4, max_delta step=0, max_depth=5, max_leaves=0,
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Classifier Hyperparameter

min_child_weight=3, missing=nan, monotone_constraints='()', n_estimators=198,
n_jobs=-1, num_parallel tree=1, objective='binary:logistic', predictor="auto’,
random_state=634, reg_alpha=0.0007616496701947522,

reg lambda=1.6562708449602826e-07, scale_pos_weight=1.0611030349269899,
subsample=0.9266198529773333, tree_method='gpu_hist',

use_label encoder=True, validate parameters=1, verbosity=0

HANISAS19LUUINABY Extreme Gradient Boosting Tagfia1sauIAIAIY

9nAea (Accuracy) ANUNLANSIN (AUC Scores) Asean (Recall) A1Aaiugn (Precision)
1 1 o A o [ s a s oy v a

LazAIANEIIRE (F1 Scores) Yadnuudansfviinisusugulawesnisfinesnldivaila

SMOTE wagililaldiaia SMOTE lunsdusdiegruiiowiUgyminiuliaunavesnaia

WUTIANAINUYNABY (Accuracy) wagAIMIULAILEN (Precision) vadwuuinaesililaldnaila

SMOTE #lAngaiignde 0.8418 uag 0.6104 diuuuudassnildinaila SMOTE darwunla

| =

n3719 (AUC Scores) A15¢dn (Recall) karAn9na (F1 Scores) qqﬁqmﬁa 0.7606, 0.3974,

]
] a

Ay 0.4654 MIUAINU @I MIURITIN 4.41

A15197 4.41 ATUEAINAUTEENBAMLUUTIaDIAIANISAS Extreme Gradient Boosting

Models Accuracy  AUC Recall Precision F1

Extreme Gradient Boosting Tuned 0.8418  0.7551 0.3418  0.6104  0.4349

Extreme Gradient Boosting Tuned (SMOTE)  0.8376 0.7606 0.3974 0.5703  0.4654

LANITUINAANTANTIWUNINGANUFUAL VDILUUINADILUN1TAIANTR
nseennauvestindnwuugulaiesinsiwes wasiuSeuiisunisidinaila SMOTE
wagldlald anyadeyaisous 80% nuluvuiaesmldlaldmalia SMOTE fid1Anugnaes

gaign Seuaz 89.65 MU 4.42
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AN5199 4.42 NAAWSNISAIANISAINITEDNNANAUYBITNANYIANNLUUIIADY Extreme

Gradient Boosting Yasynvayaseus 80%

Models Predicted Class
Baseline SMOTE

Studying Dropout Studying Dropout

§ Extreme Gradient Boosting Studying 3387 69 3346 110
% Dropout 367 388 341 414
S

= Accuracy 89.65% 89.29%

WefisuIRaansaITIauvIndauduan vaawuudiasddunisaianisel
nseennafuvetindnwiviugulaesnnsiwes wasiUSeuiisunisidinaila SMOTE
wazlilald anyadeyansivaeu 20% wuitwuudnassnlulaldinafin SMOTE df1A3y

QNADIAIAR FaUay 83.29 MUANTINN 4.43

A15197 4.43 NASNEN1IAIANITAINITODNNANAUYDILNANYIINLUUINABY Extreme

Gradient Boosting %aﬂﬂgmsﬁagamwaau 20%

Models Predicted Class
Baseline SMOTE

Studying Dropout Studying Dropout
ﬁ Extreme Gradient Boosting Studying 807 46 792 61
% Dropout 130 70 121 179
|::3 Accuracy 83.29% 82.72%

4.3.6 nan19wTeuLiisulszaniamuuuinassnianisal yadayaszau
UauainAny

NANSUSBUNEUUSEENTAINVDILUUINABILUNNTAIANISAINITOBNNANIAU

4 v a

vosnfAnwszaudadinfnu sremalanisiseuiveunsesussinnaulinisdnduls 5 wuy

alavinnisusugulaesniadwes Ussneumeyadeyanniiaduyadeyauninlaliusu
ANNANAS wazynteyaaesnldmalin SMOTE ieUfumuaunavesteya lneiilofiansan

9 Y
Usgansnmveauuudassluyadeyannilanuitiuuiiaes Random Forest l1iA1A374
anAes (Accuracy) flAgafianfie 0.8528 599a9U1ABKUUINABY Gradient Boosting {lA1

0.8509 LuUUd1a04 Light Gradient Boosting Machine fif1 0.8485 wuud1asd Extreme
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Gradient Boosting &A1 0.8418 Lazluud1a09 Decision Tree HA1 0.8411 MIUAIAU WAL
#A15UAINUNLANTI9 (AUC Scores) Wud1uuudNaed Random Forest fiAg9igafe
0.7886 $9989N1ABLUUT1aDY Gradient Boosting A1 0.7820 Wuud1aes Light Gradient

Boosting Machine &A1 0.7745 LuuUd1ae84 Decision Tree #A1 0.7591 LazhuuiINaog

o w «

Extreme Gradient Boosting #1A1 0.7551 a1ud1fu waglilafiarsaaAiauaena (F1

! a

Scores) WUINWUUINadd Random Forest AA1@97d@AA® 0.4358 599a9U1ABLUUINADY

Y 9

Extreme Gradient Boosting #1A1 0.4349 wuud1804 Gradient Boosting A1 0.4025

o A

WUUT19849 Decision Tree dA1 0.3601 wazluudNaed Light Gradient Boosting dAd7an
A 0.3560 ANLERY
uwazidlefinsanludeyayaniassiildinaia SMOTE USuanuaunavesioya
' ' = o | a0 A X 1 1 o ..
Wud1A15Ean (Recall) vosuuudnaasdulvaianiintuiazaininuuiugn (Precision) anas
Ao udndIun1IAIANITAIVRINNIANYITIMATLTIRN1NATSEEN (Recall) wazAAI1Y
wiiug (Precision) 157ufuABAY F1 Scores wudnhuudnassdiulugdaniingsdu lag

Wuudnaes Light Gradient Boosting Machine TiA1A31sgnsias (Accuracy) Qﬂﬁqmﬁa 0.8409

[

FOIAIUIABLUUIIADY Extreme Gradient Boosting 1A 0.8376 WUUT189Y Gradient

a1

Boosting #A1 0.8319 LuUUI1a89 Random Forest iA1 0.8257 Lagluud1aed Decision

16 A A

Tree dAAigaAa 0.7891 druA1WunlansIn (AUC Scores) WuiwuuI1809 Random

Forest 1A1ga¥igafAe 0.7877 5839a3u1ABLUUIIAB Gradient Boosting 1A 0.7842

Y

WUU4N889 Light Gradient Boosting Machine fif1 0.7709 wuud1aed Extreme Gradient

1 o A

Boosting i 0.7606 wazluuINaes Decision Tree dA19Nigafe 0.7112 uaziilafiasa
A1 F1 Scores Wud1luud1ae9 Gradient Boosting iANgafignaa 0.4875 7949a911A8
WUUI1889 Random Forest 31A1 0.4794 WuUd1809 Extreme Gradient Boosting A1 0.4654

WUU1884 Light Gradient Boosting Machine #A1 0.4572 waruwuudasd Decision Tree

' '
RN |

APNTIEAAD 0.4427 AUAIRU AIUATIN 4.44 Uagnnd 4.7

a ) a a a o (% gj L a =
A15199 4.44 ANWUTIUNIUUTZANTNINVDILUTUINABY TEAUTUUUTIANANYN

Models Accuracy  AUC Recall Precision F1
Decision Tree 0.8411 0.7591  0.2607 0.6635 0.3601
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Models Accuracy  AUC Recall Precision F1
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1 Studying 6411810009 1 Sino-Thainter..  2.78 278 343 Full Time Progr..  null null Not disabled Admission null
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3 Studying 6411810007 1 Sino-ThaiInter..  3.68 3.68 326 Full Time Progr..  null null Not disabled Direct system null
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7 Studying 6411810002 1 Sino-Thai Inter..  2.95 295 24 Full Time Progr..  nuil null Not disabled Direct system null
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10. Dropout 6411710032 1 Faculty of Vete.. 0.86 086 387 Full Time Progr..  null null Not disabled Direct system null
1. Studying 6411710031 1 Faculty of Vete.. 392 392 3.88 Full Time Progr..  null null Not disabled Direct system null
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M54 n.1 asungasBenUszrnsvesinuUsidivang DROPOUT yadeyassiuuiyani
. . Masfnuyag 29NNANAY
AuUsuazveya . = . -
A1UIU YA A1UIU ERLGH
FIUTLAUUIYYIA3 25031 | 87.3% 3,635 | 12.7%
AMAnsAnEdl
1 2,484 8.7% 1,662 5.8%
2 22,547 78.7% 1,973 6.9%
b
1 6,820 23.8% 2,292 8.0%
2 4,440 15.5% 985 3.4%
3 3,519 12.3% 213 0.7%
4 9,532 33.3% 142 0.5%
5 353 1.2% 3 0.0%
6 367 1.3% 0.0%
A
Faculty of Agro-Industry 751 2.6% 106 0.4%
Faculty of Dentistry 281 1.0% 12 0.0%
Faculty of Economics 761 2.7% 114 0.4%
Faculty of Engineering 3,971 13.9% 616 2.2%
Faculty of Law 1,678 5.9% 312 1.1%
Faculty of Liberal Arts 1,752 6.1% 144 0.5%
Faculty of Management Sciences 4,542 15.8% 442 1.5%
Faculty of Medical Technology 396 1.4% 64 0.2%
Faculty of Medicine 1,508 5.3% 62 0.2%
Faculty of Natural Resources 1,784 6.2% 304 1.1%
Faculty of Nursing 1,264 4.4% 62 0.2%
Faculty of Pharmaceutical Sciences 916 3.2% 131 0.5%
Faculty of Science 4,262 14.9% 1,071 3.7%
Faculty of Traditional Thai Medicine 798 2.8% 123 0.4%
Faculty of Veterinary Science 152 0.5% 8 0.0%
International College 162 0.6% 51 0.2%
Sino-Thai International Rubber College 53 0.2% 13 0.1%
NHUEA1VIIYN
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. . Masfnuag 29NNANNAY
ALUsuazuaya - — - —
MUY ERLGH MUY ERLGH
Health Sciences Group 5,315 18.5% 462 1.6%
Science and Technology Group 10,983 38.3% 2,161 7.5%
Social Sciences and Humanities Group 8,733 30.5% 1,012 3.5%
Uszmnisinen
Full Time Program 24,218 84.5% 3,427 12.0%
Full Time Program (International) 215 0.8% 64 0.2%
Full Time Program (Special) 36 0.1% 23 0.1%
Joint degree 7 0.0% 0.0%
Part Time Program 555 1.9% 121 0.4%
LWe
Female 16,328 57.0% 2,086 7.3%
Male 8,703 30.4% 1,549 5.4%
NITNUNNIT
No 16,205 56.5% 2,175 7.6%
Unknown 31 0.1% 9 0.0%
Yes 8,795 30.7% 1,451 5.1%
FAFUN
Buddhism 20,063 70.0% 2,754 9.6%
Christian 204 0.7% 22 0.1%
Islam 4,661 16.3% 838 2.9%
Other 6 0.0% 1 0.0%
Undefined 97 0.3% 20 0.1%
TsaUszandn
No 21,031 73.4% 3,019 10.5%
Unknown 1 0.0% 1 0.0%
Yes 3,999 14.0% 615 2.1%
Wil
No 23,969 83.6% 3,481 12.1%
Unknown 1 0.0% 1 0.0%
Yes 1,061 3.7% 153 0.5%
G ARVIGERD]
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MUY ERLGH MUY ERLGH
Divorced 28 0.1% 6 0.0%
Married 91 0.3% 29 0.1%
Separated 4 0.0% 1 0.0%
Single 24,677 86.1% 3,552 12.4%
Unknown 213 0.7% aq 0.2%
Widowed 18 0.1% 3 0.0%
sTAUMSANEINaUULN
Bachelor Degree 608 2.1% 155 0.5%
Diploma 34 0.1% 3 0.0%
Doctoral Degree 5 0.0% 0.0%
Graduate Diploma 1 0.0% 0.0%
High Vocational Certificate 187 0.7% 25 0.1%
Higher Graduate Diploma 17 0.1% 1 0.0%
Junior High School 22 0.1% 2 0.0%
Master Degree 19 0.1% 10 0.0%
Postgrad Diploma 7 0.0% 5 0.0%
Primary Education 6 0.0% 2 0.0%
Senior High School 24011 83.8% 3,415 11.9%
Unknown 32 0.1% 9 0.0%
Vocational Certificate 82 0.3% 8 0.0%
Ussmnsdnsu
Admission 8,880 31.0% 1,569 5.5%
Direct system 16,151 56.3% 2,066 7.2%
Jwmindida
SONGKHLA 9,445 32.9% 1,352 4.7%
NAKHON SI THAMMARAT 2,514 8.8% 289 1.0%
YALA 1,794 6.3% 323 1.1%
TRANG 1,747 6.1% 247 0.9%
PHATTHALUNG 1,195 4.2% 163 0.6%
SURAT THANI 1,186 4.1% 151 0.5%
NARATHIWAT 1,168 4.1% 210 0.7%
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PATTANI 1,161 4.1% 223 0.8%
BANGKOK 942 3.3% 130 0.5%
SATUN 647 2.3% 107 0.4%
PHUKET 644 2.2% 71 0.2%
Others 2,588 9.0% 369 1.3%

Suauios

108 0.4% 18 0.1%

1 3,528 12.3% 470 1.6%
2 12,283 42.8% 1,709 6.0%
3 6,270 21.9% 934 3.3%
4 1,656 5.8% 291 1.0%
5 596 2.1% 106 0.4%
6 290 1.0% 49 0.2%
7 126 0.4% 23 0.1%
8 87 0.3% 23 0.1%
9 a7 0.2% 6 0.0%
10 25 0.1% 3 0.0%
11 7 0.0% 1 0.0%
12 7 0.0% 1 0.0%
33 1 0.0% 1 0.0%

Swouitesiirddinunag

0 204 0.7% 41 0.1%
1 8,922 31.1% 1,257 4.4%
2 11,159 38.9% 1,588 5.5%
3 3,725 13.0% 570 2.0%
q 677 2.0% 130 0.5%
5 211 0.7% 32 0.1%
6 74 0.3% 9 0.0%
7 30 0.1% 7 0.0%
8 19 0.1% 0.0%
9 7 0.0% 1 0.0%




109

Sausuasoys zi’wé’aﬁnmafj caanna’mﬁf
MUY ERLGH MUY ERLGH
10 2 0.0% 0.0%
21 1 0.0% 0.0%
1§5unu
No 23,628 82.4% 3,475 12.1%
Unknown 8 0.0% 1 0.0%
Yes 1,395 4.9% 159 0.6%
AIUNNTT
Disability hearing 5 0.0% 2 0.0%
Not disabled 24,992 87.2% 3,625 12.6%
Physical disability 20 0.1% 4 0.0%
Visual disability 14 0.0% a4 0.0%
32AUNTSANEITAN
Bachelor Degree 5,801 20.2% 889 3.1%
Doctoral Degree 127 0.4% 14 0.0%
Less than bachelor's degree 14,041 49.0% 1,897 6.6%
Master Degree 1,454 5.1% 234 0.8%
Unknown 3,608 12.6% 601 2.1%
dnun1wdan
Alive 23,263 81.2% 3,357 11.7%
Deceased 1,566 5.5% 251 0.9%
Disability 30 0.1% 5 0.0%
Disabled 63 0.2% 6 0.0%
Others 109 0.4% 16 0.1%
21N
Agricultural Sector 4,860 17.0% 674 2.4%
Contractor 3,988 13.9% 515 1.8%
Corporate Employee 1,091 3.8% 124 0.4%
Government Sector 4,669 16.3% T 2.7%
Not specified 2,515 8.8% 372 1.3%
Others 1,071 3.7% 164 0.6%
Private Business 6,020 21.0% 882 3.1%
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MUY ERLGH MUY ERLGH
Public Enterprise Employee 817 2.9% 127 0.4%
STAUNTSANEINITAN
Bachelor Degree 6,923 24.2% 1,012 3.5%
Doctoral Degree 65 0.2% 7 0.0%
Less than bachelor's degree 14,603 50.9% 2,009 7.0%
Master Degree 1,122 3.9% 196 0.7%
Unknown 2,318 8.1% 411 1.4%
SA01UNTNAUTIINT
Alive 24,487 85.4% 3,550 12.4%
Deceased a67 1.6% 70 0.2%
Disability 13 0.0% 2 0.0%
Disabled 21 0.1% a4 0.0%
Others 43 0.2% 9 0.0%
NYWUTAN
Agricultural Sector 3,988 13.9% 530 1.8%
Contractor 3,098 10.8% 389 1.4%
Corporate Employee 907 3.2% 117 0.4%
Government Sector 4,070 14.2% 678 2.4%
Not specified 1,358 4.7% 189 0.7%
Others 4,163 14.5% 620 2.2%
Private Business 7,076 24.7% 1,063 3.7%
Public Enterprise Employee 371 1.3% 49 0.2%
A01UNTNUAN-11TAN
Both father and mother deceased 76 0.3% 10 0.0%
Divorce 2,354 8.2% 369 1.3%
Father and mother both remarried 177 0.6% 25 0.1%
Father deceased 1,477 5.2% 240 0.8%
Father remarried 103 0.4% 14 0.0%
Live together 18,791 65.6% 2,660 9.3%
Mother deceased 372 1.3% 56 0.2%
Mother remarried 54 0.2% 8 0.0%
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Other 55 0.2% 8 0.0%

Separated due to career obligation 539 1.9% 78 0.3%

Separated for other reasons 1,033 3.6% 167 0.6%
nansSeuadetagliu

0.00-1.00 2,605 9.1% 2,232 7.8%

1.01-2.00 2,222 7.8% 496 1.7%

2.01-3.00 7,381 25.7% 727 2.5%

3.01-4.00 12,823 44.7% 180 0.6%
Han1sSeuRde

0.00-1.00 1,955 6.8% 1,945 6.8%

1.01-2.00 1,359 4.7% 633 2.2%

2.01-3.00 10,880 38.0% 901 3.1%

3.01-4.00 10,837 37.8% 156 0.5%
nan1s3euaienoudAng

0.00-1.00 8 0.0% 2 0.0%

1.01-2.00 296 1.0% 122 0.4%

2.01-3.00 8,780 30.6% 1,626 5.7%

3.01-4.00 15,947 55.6% 1,885 6.6%
AZUUUATYIDINGBNBUNANY

Less than 25 5,694 19.9% 1,255 4.4%

25-50 14,658 51.1% 1,884 6.6%

51-75 3,977 13.9% 448 1.6%

76 and above 702 2.4% 48 0.2%
sesuadetindnen

Less than 5,000 19,614 68.4% 2,818 9.8%

5,001-10,000 5,404 18.9% 812 2.8%

10,001 and above 13 0.0% 5 0.0%
seTeadetinAne

Less than 5,000 21,128 73.7% 2,997 10.5%

5,001 and above 3,903 13.6% 638 2.2%
s1eldiadednn
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I | Sewaz | dwou | Zewaz
Less than 15,000 11,330 39.5% 1,530 5.3%
15,001-30,000 8,028 28.0% 1,270 4.4%
30,001-45,000 3,120 10.9% 458 1.6%
45,001 and above 2,553 8.9% 377 1.3%

s1eldiadeunsan

Less than 15,000 14,480 50.5% 1,947 6.8%
15,001-30,000 6,336 22.1% 1,046 3.6%
30,001-45,000 2,612 9.1% 406 1.4%
45,001 and above 1,603 5.6% 236 0.8%

M13199 .2 aUTwanBenUserInsvesLUsidmiing DROPOUT yatayaseruladindny

Ssasoya oﬁﬂé’dﬁnwﬂjg oaannmai’u
A1UIU YA IMUIU VYA
FsTAUTNINANE 4,309 | 81.9% 955 | 18.1%
aAnsAnedi
1 1,121 | 21.3% 280 5.3%
2 3,188 60.6% 675 12.8%
T
1 1,039 | 19.7% 435 8.3%
2 2,795 53.1% 458 8.7%
3 392 7.4% 54 1.0%
4 79 1.5% 8 0.2%
5 a4 0.1% 0.0%
AY
Faculty of Agro-Industry 94 1.8% 30 0.6%
Faculty of Dentistry 241 4.6% 17 0.3%
Faculty of Economics 124 2.4% 32 0.6%
Faculty of Engineering 645 12.3% 145 2.8%
Faculty of Environmental Management 202 3.8% 70 1.3%
Faculty of Liberal Arts 257 4.9% 99 1.9%
Faculty of Management Sciences 775 14.7% 236 4.5%
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Susasioya oﬁ']é'\‘iﬁnm;elg: oaannmai’u
MUY ERLGH MUY ERlGH
Faculty of Medicine 525 10.0% 55 1.0%
Faculty of Natural Resources 249 4.7% 49 0.9%
Faculty of Nursing 338 6.4% 54 1.0%
Faculty of Pharmaceutical Sciences 113 2.1% 17 0.3%
Faculty of Science 574 10.9% 105 2.0%
Faculty of Science and Technology 0.0% 1 0.0%
Faculty of Traditional Thai Medicine 54 1.0% 14 0.3%
Graduate School 25 0.5% 1 0.0%
Health System Management Institute (HSMI) 18 0.3% 6 0.1%
Institute for Peace Studies 29 0.6% 9 0.2%
Marine and Coastal Resources Institute 14 0.3% 15 0.3%
Public Policy Institute 32 0.6% 0.0%
NHUHA1Y1IIYY
Health Sciences Group 1,321 25.1% 163 3.1%
Science and Technology Group 1,803 34.3% 416 7.9%
Social Sciences and Humanities Group 1,185 22.5% 376 7.1%
Uszmnisdnen
Evening Program 11 0.2% 6 0.1%
Full Time Program 2,610 49.6% 499 9.5%
Full Time Program (International) 473 9.0% 64 1.2%
Part Time Program 1,181 22.4% 361 6.9%
Part Time Program (International) 34 0.6% 25 0.5%
LWe
Female 2,693 51.2% 525 10.0%
Male 1,616 30.7% 430 8.2%
NNV
No 2,490 | 47.3% 520 9.9%
Unknown 469 8.9% 92 1.7%
Yes 1,350 | 25.6% 343 6.5%
AU
Buddhism 3,336 63.4% 729 13.8%
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AnUsuazvaya - — - —
MUY ERLGH MUY ERlGH
Christian 83 1.6% 13 0.2%
Hinduism 88 1.7% 18 0.3%
Istam 700 [ 13.3% 181 3.4%
Other 29 0.6% 3 0.1%
Sikhism 1 0.0% 0.0%
Undefined 72 1.4% 11 0.2%
TsaUsed16
No 3,607 | 68.5% 816 | 15.5%
Unknown 1 0.0% 0.0%
Yes 701 13.3% 139 2.6%
wiNe
No 3953 | 75.1% 880 | 16.7%
Unknown 2 0.0% 0.0%
Yes 354 6.7% 75 1.4%
Sa1UNINAUSE
Divorced 32 0.6% 9 0.2%
Married 442 8.4% 114 2.2%
Separated al 0.1% 2 0.0%
Single 3586 | 68.1% 784 | 14.9%
Unknown 236 4.5% 43 0.8%
Widowed 9 0.2% 3 0.1%
sTAUMSANEINaULN
Bachelor Degree 3,297 62.6% 722 13.7%
Doctoral Degree 7 0.1% 3 0.1%
Graduate Diploma 11 0.2% 1 0.0%
High Vocational Certificate 1 0.0% 1 0.0%
Higher Graduate Diploma 24 0.5% 4 0.1%
Master Degree 455 8.6% 122 2.3%
Postgrad Diploma 27 0.5% 5 0.1%
Senior High School 1 0.0% 1 0.0%
Unknown 485 9.2% 95 1.8%
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Susasioya oﬁ']é'\‘iﬁnm;elg: ,, aannm«i’u
wu | Fewaz | dwou | Sowaz
Vocational Certificate 1 0.0% 1 0.0%
Usznnnsedinu
Direct system 3,993 75.9% 938 17.8%
Other 314 6.0% 17 0.3%
Unknown 2 0.0% 0.0%
Jwindiia
SONGKHLA 1,357 25.8% 316 6.0%
NAKHON SI THAMMARAT 371 7.0% 77 1.5%
YALA 297 5.6% 57 1.1%
TRANG 259 4.9% 58 1.1%
BANGKOK 208 4.0% 53 1.0%
PHATTHALUNG 196 3.7% 41 0.8%
NARATHIWAT 179 3.4% 48 0.9%
SURAT THANI 172 3.3% 25 0.5%
PATTANI 156 3.0% 42 0.8%
PHUKET 89 1.7% 13 0.2%
Others 1,025 19.5% 225 4.3%
Suauito
34 0.6% 14 0.3%
1 489 9.3% 93 1.8%
2 1,845 35.0% 390 7.4%
3 1,140 21.7% 260 4.9%
a 408 7.8% 102 1.9%
5 170 3.2% 37 0.7%
6 102 1.9% 27 0.5%
7 59 1.1% 16 0.3%
8 29 0.6% 5 0.1%
9 12 0.2% 4 0.1%
10 11 0.2% 5 0.1%
11 8 0.2% 2 0.0%
12 1 0.0% 0.0%
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. . Masfnuag 28NNANAY
AnUsuazvaya - — - —
WU | Fewaz | Awu | Teway
20 1 0.0% 0.0%
Swuitesiirdednuag
0 371 7.0% 105 2.0%
1 2,233 42.0% a7 9.1%
2 1,226 23.3% 270 5.1%
3 358 6.8% 74 1.4%
a 81 1.5% 22 0.4%
5 25 0.5% 4 0.1%
6 8 0.2% 1 0.0%
7 4 0.1% 2 0.0%
8 1 0.0% 0.0%
9 1 0.0% 0.0%
10 1 0.0% 0.0%
lasunu
No 3,278 62.3% 780 14.8%
Unknown 1 0.0% 0.0%
Yes 1,030 19.6% 175 3.3%
AIUNNS
Disability hearing 2 0.0% 2 0.0%
Learning Disability 1 0.0% 1 0.0%
Not disabled 4,293 81.6% 948 18.0%
Physical disability 7 0.1% 3 0.1%
Visual disability 6 0.1% 1 0.0%
WAUNTITANEN
A 411 7.8% 95 1.8%
B 19 0.4% 4 0.1%
C 194 3.7% 52 1.0%
D 150 2.8% 29 0.6%
E 207 3.9% 57 1.1%
F 2,193 41.7% 499 9.5%
G 762 14.5% 200 3.8%
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. . Masfnuag 28NNANAY
AnUsuazvaya - — - —
MUY ERLGH MUY ERlGH
| 373 7.1% 19 0.4%
szAuMsAne1Tan
Bachelor Degree 959 18.2% 201 3.8%
Doctoral Degree 45 0.9% 7 0.1%
Less than bachelor's degree 1,789 34.0% 402 7.6%
Master Degree 321 6.1% 67 1.3%
Unknown 1,195 | 22.7% 278 5.3%
GRRITH TN
Alive 3,689 70.1% 801 15.2%
Deceased 578 11.0% 143 2.7%
Disability 8 0.2% 3 0.1%
Disabled 9 0.2% 1 0.0%
Others 25 0.5% 7 0.1%
21%wian
Agricultural Sector 704 | 13.4% 162 3.1%
Contractor 269 5.1% 54 1.0%
Corporate Employee 88 1.7% 21 0.4%
Government Sector 1,149 21.8% 239 4.5%
Not specified 912 [ 17.3% 216 4.1%
Others 193 3.7% ar 0.9%
Private Business 844 16.0% 186 3.5%
Public Enterprise Employee 150 2.8% 30 0.6%
STAUNISANEINITAN
Bachelor Degree 1,099 20.9% 212 4.0%
Doctoral Degree 23 0.4% 4 0.1%
Less than bachelor's degree 2,065 39.2% 488 9.3%
Master Degree 227 4.3% 40 0.8%
Unknown 895 17.0% 211 4.0%
HO1UATNUIIAN
Alive 4,091 T7.7% 896 17.0%
Deceased 200 3.8% 56 1.1%
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. . Masfnuag 28NNANAY
AnUsuazvaya - — - —
MUY ERLGH MUY ERlGH
Disability 3 0.1% 0.0%
Disabled 6 0.1% 2 0.0%
Others 9 0.2% 1 0.0%
NYWUTAN
Agricultural Sector 670 12.7% 161 3.1%
Contractor 182 3.5% 40 0.8%
Corporate Employee 63 1.2% 17 0.3%
Government Sector 971 18.4% 192 3.6%
Not specified 579 11.0% 140 2.7%
Others 835 | 15.9% 181 3.4%
Private Business 934 17.7% 209 4.0%
Public Enterprise Employee 75 1.4% 15 0.3%

A07UNNTA-UITAN

Both father and mother deceased 67 1.3% 20 0.4%
Divorce 273 5.2% 69 1.3%
Father and mother both remarried 22 0.4% 6 0.1%
Father deceased 490 9.3% 118 2.2%
Father remarried 8 0.2% 2 0.0%
Live together 3174 60.3% 668 12.7%
Mother deceased 108 2.1% 29 0.6%
Mother remarried 8 0.2% 2 0.0%
Other 19 0.4% 3 0.1%
Separated due to career obligation 42 0.8% 11 0.2%
Separated for other reasons 98 1.9% 27 0.5%

nan1siseuRaedagiu

0.00-1.00 2,694 51.2% 733 13.9%

1.01-2.00 23 0.4% 52 1.0%

2.01-3.00 51 1.0% 41 0.8%

3.01-4.00 1,541 29.3% 129 2.5%
HANMS3BULREY

0.00-1.00 1,102 20.9% 456 8.7%
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Susasioya oﬁ']é'\‘iﬁnm;ag: oaanna’mi’u
I | Sewaz | dwau | Sevaz
1.01-2.00 7 0.1% 22 0.4%
2.01-3.00 72 1.4% 87 1.7%
3.01-4.00 3,128 59.4% 390 7.4%
nan1sSeuaienoudAnw
0.00-1.00 54 1.0% 19 0.4%
1.01-2.00 2 0.0% 1 0.0%
2.01-3.00 1,488 28.3% 391 7.4%
3.01-4.00 2,765 52.5% 544 10.3%
sesuiadetindne
Less than 10,000 1,408 26.7% 281 5.3%
10,001-20,000 1,305 24.8% 358 6.8%
20,001-30,000 998 19.0% 205 3.9%
30,001 and above 598 11.4% 111 2.1%
sednewadeindnen
Less than 10,000 2,340 44.5% 532 10.1%
10,001-20,000 1,473 28.0% 335 6.4%
20,001-30,000 488 9.3% 87 1.7%
30,001 and above 8 0.2% 1 0.0%
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nsasziiUTsuiisunisisouiveaiaaiiianranisainiseannansfues
UnAnwIszauUTYIn3: nalAnY) ANINEIRLEIVAIUATUNS INeURIlng
A Comparative Analysis of Machine Learning for Dropout Prediction in
Undergraduate Students: A Case Study of Prince of Songkla University
Hat Yai Campus

NOANT DULNWI Kittakorn Inpang®
UQUIA BUAUA Narueban Yamaqupta?
qls¥nil wnssny Jurairat Bhudharak®
unAngs

dnsn1saseguasindnwludiudifguasiludidianislunisinaiudiiaves

UMM TANANTENUADBUMU FoIFeq UaraTafnInnIen1TRuYIMING Ry WulAgIty
a (% a s a ! ] ) =2 v

UNTINREAAUATUNS Ineuaviaivg Iaeauwatns@ny) w.e. 2556 - 2560 WUIERT

n1seennalsAuvestnAnwIingWuegsouay 17.54 memnilanuideiddaiiauenisly

[

wallawmileslayanazn1siseuiveunisuielinngvnuanuaueididy wazasisuuuiiges

o
v
14 (% s

WBAIANITAINITIBNNANNAUYDINNANET VDULYAVDIINUIVUADTDUANAANSNIINTANE

kY
a 1

Joyaiugiuvesindnw uazdoyansouniivestindnwy TusedudSygns 6 Judnmsany fie
Tut9 W.A. 2558 - 2563 SIUVHUNA 17 AMYVDINNIINGITYATAIUATUNS INBNURNIA LAY
AILLUUTABITAND3TUNTTMUNUTEAN 5 WUy duvegaeulasiUIeuiisulssansninuay
Anavanzadlunsiluldau ianismageunudwuudnaes Random Forest Nusugulaives

a ¢ ¥ & addad o 1 a v o v A
WﬁmLmaiLLmLﬂuaﬁqumiwmmmgﬂmmqwqmmaaaz 90.97% uazAnanwurUaTen
drAgynanfetadesunanistey laud mansiSeuavan nanisiseudagiu mamsiteunaudn
Anw TUBINIANIANYILEYTUY LarATIUUATYIBINgUNOWIIANYY AuaIRU

AEAe: UnAnwisennansdy N1sseuveLATes aaNAnw willoslaya n1sANANTTa]

Abstract
Student retention rate is an important measure of a university's success that
affects its rank, reputation, and financial well-being. For Prince of Songkla University, Hat

Yai Campus as well, from 2013 — 2017, the student dropout rate rose to 17.54%. As a

! indAnwseAudSyln ndngaswdnansinemansuyndadin annniviineinsteya Tnsansdndeingrdoineimans
fvia unIneABasUaIuATUNS Email: 6310025001@psu.ac.th

2 g5, anuiminmsdamsnisvieaiien asmdvemaniuaznsdans sninendeasmaiuaiuns

Email: narueban.y@psu.ac.th

3 fmans1sd as. avninnsdansgsiniudedidnmsetind anrndvemansuaznisinns

UNINYISUEWAIUATUNS Email: jurairat.b@psu.ac.th
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result, this research presents the use of data mining and machine learning techniques to
analyze important characteristics and build a model to predict student dropout. The
scope of this research includes study result data, student information, and family
information of bachelor's degree students for 6 academic years, during 2015 - 2020, a
total of 17 faculties of Prince of Songkla University, Hat Yai Campus. Five classification
algorithm models were tested and compared for performance and application suitability.
The results showed that the hyperparameter tuned Random Forest model was the best
method, yielding the highest accuracy at 90.97%, and attributed the most important
factors to academic performance: cumulative grade point average, followed by grade
point average, study results before admission in semester and academic year level, as

well as English scores before admission, respectively.

Keywords: Student Dropout, Machine Learning, Higher Education, Data Mining,

Prediction

uni

msfinwszaugaudnwidutadvddglusimunsiaudsena lnsaunsondnidnu
fiflosdmnug sinuznisihau uiifesnisvessemdluniagramnssy MAgsRa wazyNvL
a519381M15 wINNTIU wazlinauaasatunsudsliuvesyseinea (Office of the Education
Council - Ministry of Education, 2018) mnufaaiidifalunsdnmseiugaudnwmaeniing
ogvaainfnun i Anwduadnsinvusnaudifamsnm Snsn1snseguestinfnwil
audfyredeides nindnwal atadninnienisidu wazduiitsnaaudsaves
andumsdnuiiuansieUssavinmuaganuindeievesanitu Snvadunasidiaamnin
N13L38UN1 30 UANTUNIIINATIRUNULAZIUUTEUI VR T U INSFUIaAE (Crosling et
al., 2008) FFAAN1sATITIIMEilFogsTusrAnsnmAe nsimilasdeyaiitadumguuuy
ingudeyavuialue) (Luan, 2006) wazudaadussdnnuiifiefuusinszuiumsdnaula
amﬁwvmavu%aumauamemmumﬁmmsmmi (Natek & Zvv|Ll|ng, 2014) mammmsm
n1seannatsduvein@nuifiugrarunsotdoyaind@nuiiiaudsawninsziiie
PrgmFenIvINsuAtnAnwAnuiluandunis@ing (Luan, 2006)

wadanmsiunileseyaiionis@nwinaznsiinszinisizeusiduieiesiio vl
anugandnwiannsoutledgmuazadvayunisdadulaiiofnguminedogalnald
(Aldowah et al,, 2019) wilestoyauarmsdouivenedondunislimdnmadfiiedinsey
Yoyauazudlyiym (Romero & Ventura, 2010) LWy n3ANWIHAGNENIGIVINTYDINGLT
dufansfnwuaznguitesnnandu viemslnseideyatindnwilnl Tnsadrawuvudiasuile
pansainisdngansine Sefunouriommarhanlaesalut® a5 wasuugh Seinding
yhunsuuURLAY wailiFenimadsuivonaiowuasdygseivg (Luan, 2006)
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¥ v =

ToyatnAnwiseAuUIyaInT unInenduaaraiuaIuns Ingnunvialvg deunas 5
$ullnsfing wa. 2556 - 2560 wuhildautindnwieennansdusgidudunumnyuaue
3,669 AU vseAnlusasay 17.54
nuiAteiliteyannssuutoyaiugudnAnvuarssuudoyatndne 6 Judnisfng
W.A. 2558 - 2563 UNINYIFYAWAIUATUNT Ineuvnvalng wazinalian1svinvilestays
\eosnuuunaziauLuuassaianisainiseennatsduvesindnun deuvudiaes
danesfun159kunUsEIaN (Classification Algorithms) 5 wuu tngthdadesuauain au
QREISIY! LLazmi%’unumiﬁﬂmmnsuaume%’agaﬁugmmaqﬁﬂﬁﬂmmﬁmiwﬁ HUA1T
WisuifleudanesfiunisBouiveanissuazidenuuudassiipigadmiunisaanisainisesn

NANNAUYRILNANYLNEaRIRIIN1TRRNNaeAUlLLINe1&ele

WQUszaeh

1. ieAumandnuuzdateddniiinadesniinisoannarsfuresindny sedu
USQRY19s UM INYISUAUAIUATUNS INBNUANIALAY T,mEJTSE’?LW@%M‘JL%W?%@LQ%@

2. WiaFouiieunuuiiaesdanesfiunsduunussnn 5 W wasidenuuudianiidl

Usgansnmianluldau

Uszlevilfianndnazlasu

1. aoduganAnuanunsaihteyatiadeidmwasoniseennansduvesin@nunluiuld
WerewdetnAnwiifianudss ieansnsiniseennanduluumiivedels

2. WLEUDNITHAINILUUTIADIAIANITEINITEBNNANNAUYBINNANYIAI88aNDSNNNTT
Bousveasdesiignies wiugh

N1INUNIUITIAUNTTY

n1s5Asagvasiin@nen (Student Retention) Aen1sitnAnwidaneguaziinis
awzdeuluusiaznianisfineiauninazdianisding (Bean, 2013)-(Bonneau & Director,
n.d.) uaﬂmﬂﬁjﬁmeﬁ’waaqmmqwﬁﬁﬁ%w%wa%aq Vincent Tinto (Bean, 2013) fiosunaiade
fidaasiensnseguonindnwide Aseun AudNYUEAILYARA LAYASANY

N1599nNaNAY (Dropout) d18NNUANENITUAITNISANYILAITIR LALRAI LN
nseennadudn Aemsiigizougndminedesenainaniudnuilusasidslidnsanisdne
laglsdldamgainnisdreaniudne (Wavan, 2552)

nmaviwilesdayariansAnen (Educational Data Mining) waznnsAtasizwinisizeus
(Learning Analytics) [uwatlamsvimilestoyaianudwapenszuiunsBouiuasnadndiile
fnguminendogalul wissdlefaziisudluligmuszativayunisdndula afuayumsGous
femules nszUIuMITIAgIdostunsEoudsmiu Msfnny msUsuifiu Wy M3rsegves

v =

Hin@Enen Ussansnmnennudisa wazmseannatssiu (Aldowah et al., 2019)
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n15138uSuaaA3as (Machine Learning) Wusuuuunsiaszidoyasmouuudiass
§aluffi vuuwAnTiIITEULRN 9 aansafeziFeuiuagiiufduiusfuyateyasiia 4 saufs
aa303zygUuUUAN q MiReTuihlugnisdadulaldiedaglisndudesfismuyud Machine
Learning: What It Is and Why It Matters | SAS, 2021) ﬂaa;ﬁ’uﬁé’aﬂa‘%ﬁmmsﬁauimaaLvﬁm
$ruauniideuiuadddnudnlngfenisanossdaduar aoiafin mudedanaifiutugs
fhegredanasfiunisiseuiusandonuuiifaeu (Supervised) 1ol wsumeametsas (Random
Forest) iuwafinasanvuinassmewaiasulifadulavats 4 dusiuiu wasiieinuauds
Tugadoyanatsyn q vounaiusndudenamautd Bndnduniisuynis (Extreme
Gradient Boosting) Wumadiafitiondulsinsdndulanans 9 fusniSeuiandeiienaindeu
i ibidauutiuglunsiuegs nguiresud (Naive Bayes Theorem) Wuinaiianig
vhnilesdeyasmeldmsdunmniesduiildfuamuiouegisgedmniumssuund seam
maseuswuuliiigasu (Unsupervised) nsuiingudayauuuiaiiu (K-means Clustering) 18
wadanmsuvingulasmsdanasiuau n dudu k ngu lnsusagnguiiiidedslndifesiuian
(Kilic, 2020)

Uymniseannansduvesinfnuiluanidugaufnwivesiszmalngainuide ves
(Hanthongchai, 2019) wa (Taipjutorus, 2017) WUI1ERTINITDDNNANAUVDIUNANYIAIU
Tngindulutnstudusniidn@ne %@ﬁfymﬂfgﬂﬁwlﬂémﬁé’mﬁammmmaqmiaaﬂﬂmqﬁu
Weandiuauniseannatsduvesindnyiiidagiuuszautgnidiuaunin (Komol
Chantawong, 2016) léldiAdesileuvuasunuiedadvaungiifrdemuiranmadinlngjun
ndaduamundnansiazni1siseunisaou @1u91u338909 (Krongkaew et al., 2018) uag
(Arandon, 2559) wuhaumgmzanuiviGeulisenandesiunuatinuazauase

(Aldowah et al., 2019) ﬂa'ndwﬁw'%waﬁLﬁﬂﬁﬁumaamﬁmawﬁﬁwmﬁaﬁagaLﬁa
MsAnE wazn1siesesinsiBeud nuiimadansimilesdeyaiiddyfeada n1siinsies
nsanaes ngnsidenles wazmsdangy Wuedesdlefmnzaunaziissloviunnlunsiim
fimultdmiunsamamsaldoyafiiuindnuduvdnlussiugaudng

(Mahatthanachai et al., 2016) dausmainnisvinvilestoyarigaulinisindula
wag C4.5 sanosfiunuitadeiidimanenisesnnasfuvesindnmsiuiu 1,433 Au vesnm
Ingimaniuazimalulad anvinerdeidedml nansidetladeiidamadonisoennansduyes
UnAnwIAD HAN1TTEUNDUIANIDT 72%

(Theppalak, 2019) wW3guifisunuudiansauld 3 wuu laun C4.5, RandomTree, uag
REPTree wagldngnisguielaun OneR, ZeroR, wag rule-based leamer (JRip) 484015000
AANNANIBITNANEIAMEINGIAIENST UNIINYITFIVATUASUNSIIUIUY 4,238 518015 7
ARANYME Lakn prLuURAL TR UTLTSeNAnIReuate KansFuRdsvemmined
W|nsTuseu ssezatlunsamedou 81973 @010 MNISANYT karIninvadlsaseu
5o wuin JRip Tauwiudigsgalunisviunenadnsi 77.30% Tnsnudnuuzdadeidma
senseennatsfuvestin@nwidlvgiisafunadndnisnisdne Wy wansiSeuadedion
FWABMINTUATYY Uazav1IvT Auaey
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wenanidiauisesuiildaulinisdndula Decision Tree, Random Forest, Wag
Gradient Boosting 11338984 (Tenpipat & Akkarajitsakul, 2020) dnauslaguysngudiuls
Toyailu 5 nqu laud aseunss, lsasew, madisunsfing, auraiv wasngudeyadiuda
Tagvldmaiia Synthetic Minority Oversampling (SMOTE) 1un13%1 Data Balancing Wu11
wuudtaeia 3 wadndliunndregnaditedife e Gradient Boosting firuusiugigaiian
7l 93% uagnuirdadefidinasoniseannarsfufe sutnisAnet nansSoudeunth uag
Usztnnnsidnsunsanwinuasiu

MNMINUMIUN¥ikazLddeiiiades fideldinsliinadansiinilosteya
ilemsfnw uagiiasgsingiSeuiifiessnuuuuazianuuusiasinanisainiseannansdu
YouinANY MewuuInaesdanesiun1sdiunlseian tnettadeaiuaunin dunsiu uae
mssunumsAnanueuadoyaiuguresindnyIinsgd iunmsisuifioudanosi
mMsBeuiveando uazidenuuuitaosianandmiunmsmanisainiseennansfuvestindnm

WANTuN133Y

3 Teildn1wldsunsulumeu (Python Programming Language) uaziadosile
Google Colab Notebook lun1suniduazdnnisteya asiiayinUsednsninuuuiiges lng
MHmadansvimiiesdoyaifiodumsunuuanudusius uaziionwadns Taldnszuiunis
CRISP-DM (Cross Industry Standard Process for Data Mining) Usgnausig 6 %gumu laun

1. Business Understanding §n31n1598nnansfudadiiuiugin g3delainnsdnw
wagvihaudlanguiiifeites laun nauilumaves Vincent Tinto MAgafuiladofidena
sion1sAsegiin@ne (Bean, 2013) uasAnwimaliansiimilesteyauaznsSeuiveaeios

2. Data Understanding ¥inannuidladeyaannssuuameifouuazssuutayaiugu
Unfnw1seAuUSyyIns uminendeasuaiunsuns Ingweaiaing sutnisfine 2558-2563
Tneflvoutanidont Ao 1. wadwsnanisdne 2. deyatugiuvestindne uag 3. doya
ATEUAITRINANEY S1UIUTaAY 28,666 Youa (Observations) 41 AuanyMe (Attributes)

3. Data Preparation damsfeyatiieusulssnnnmuazanuauysaleisivmzan
leun Samsteyagavne MeaziBoanunsil 1 danstoyagalss nsadrsiaudsidmneg
DROPOUT @smu3nildnunutinf nwiiifgsfnwisiann 25,031 AU 5p8AY 87.3 LNUAIY
DROPOUT = 0 wagiuan nnisidutindnuianunsiuig 3,635 au Sesas 12.7 unusie
DROPOUT = 1 mudnfu wazgavineidendadeluyndeyaiidsnadesuusidvuisedil
ffodfyyeadiad P-value < 0.05 dmsudeyasiuysinnguseds Chi-Squared wazdoyad
wUsuuusenieaneds ANOVA wuindfuusiddeddymeadnietluadauusiaoian
22 auidnwals (Attributes) 18azLBEANINAT 3
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#7579 1
ﬁﬁ?@HQUPI'7§§y7/i78£La3ﬁ53U?1Ji775£m»2’2/
a6y Tafuus doyageymie BT e Fasus doyagaymie  38Ms

1 wvdngns @) 2,847 (9.9%) Mode 10  szAunsAnwrneuwt 41(0.1%)  Mode
2 WHUASANYN 2,833 (9.9%) Mode 11 s¥AunIsAnwIuITan 41 (0.1%)  Mode
3 s16ldladennsn 1,185 (4.1%) Mode 12 szaun1sfnednn 40 (0.1%) Mode
a NANSIS YU L 619 (22%) Mean 13 @nugnISnaeIIms 40 (0.1%)  Mode
5 nansseulagiy 619 (22%) Mean 14 Lﬂuqmiﬂuﬁ 40 (0.1%) Mode
6 s8laden 453 (1.6%) Mode 15  swldladetndnw 40 (0.1%)  Mode
7 ADTUNINAUTE 257 (0.9%) Mode 16 ms%’unumﬁﬂm 9 (0.0%) Mode
8 NanSIsBURBUITANY 65(0.2%)  Mean 17 wien 2 (0.0%) Mode
9 AZWUUNTWIBING N IAN 46 (0.2%)  Mean 18 lsauszdidn 2(0.0%) Mode

#I5NT 2

Aaanvr UaseiidoniiiodlUasuvudiaovesyntayaseaulsye1n3

A1RU Fosauus p-value @1Au Fosauus p-value

1 NANSANE <0.0001* 19  @1@ndan 0.0072*
2 A <0.0001* 20 MSSUNUNSANY 0.0084*
3 NENEvIn <0.0001* 21 @0 UNIWAUTH 0.0145*
4 Uszannisanen <0.0001* 22 @1WWNIIA 0.0395*
5 LA <0.0001* 23 31&115@5%15@1 0.0589
6 @UENITNAUNVINIS <00001* 24 ywldindeindnw 0.0631
7 Uszavnindniu <00001* 25  dwindiin 0.0771
8  WansRpudzay <00001* 26  swdwwdsthnwm 0.0928
9 wamsieutaglu <0.0001* 27  Awfng 0.1963
10 i <0.0001* 28  lsAUszdnda 0.2329
11 wansissunaudAne <0.0001* 29  uwen 0.2529
12 AZLUUNIYISINgnauIAnY <0.0001* 30 @NIUNIIAN 0.6314
13 wingns @) <00001* 31  fwnuiidesirdsdinu 0.6758
14 @aEun <0.0001* 32 @n1uden 0.6968
15 sgdumsfinwineunin <0.0001* 33 iuynseui 0.7727
16 2AUNISANYINTIAN 00013* 34 swldadednn 0.7986
17 szaunsdnwdan 0.0014* 35  an1unmin-u13nn 09134
18 Sunuiives 0.0051*

2 =

vsEve: XA deaan < 0.05, liviu 6 aadnvagtaseiheenluidesamlidwmanadausidmne laun Tdeya, U

AISANY), T UA, FOIUNTIN UA., T2AUNITANY] UASUANUNITANY ]

v

4. Modeling @3139uuui1a8an15138u3v0uAT09 {338lY PyCaret Machine Learning

Library (Ali, 2021) Tunsasedanasiiunisanuuniseian (Classification Algorithms) 5 wuu
laun 1. Decision Tree Classifier (DF) 2. Random Forest Classifier (RF) 3. Light Gradient
Boosting (LGBM) 4. Gradient Boosting Classifier waie 5. Extreme Gradient Boosting (XGB)
lngvinisudsdeyadmiunisiinuuudngaes 70% (19,063 Ueya) wazdmiunageuluudnges
30% (8,170 Yaya) ad1shazuSuusaussdnsnmuwuuitaelavdnludfluynveslaives
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mfwesimnzailasldnsdumuvugy uasisudisuwuuiiassiliuaglildliinededs
ﬁﬂmi’]zﬁ%’amﬂmﬁm Synthetic Minority Oversampling Technique (SMOTE) lun1sdanistaya
Ainanaunnanety Tuuusasaimnuusiug gty (Chawla et al, 2002)

5. Usifiunauuusiana (Evaluation) & 2 Sumeu Téud (1) ATIADUANYNABIVDY
wuud1aee (Model Validation) &33RansannszuIunsuseiiulsednsninlagnisvin K-Fold
Cross Validation 10 folds flan1suusgadeyasendu 10 galunsasiuwaznageuwuuinaed
#linadniinudndedouiniunazaniymn Overfitting vasuuusiass (Tenpipat &
Akkarajitsakul, 2020) U3guLiiguUseanSAnveIMUUTIABIRILAIAINYNABY (Accuracy) i
fuiliingInl (AUC Scores) Ansgdn (Recall) A susiugh (Precision) LLazﬂ'ﬁmmmma (F1
Scores) UarA1TIRUNINGAIMUFUAY (Confusion Matrix) (2) ﬂmaﬂwmmmﬂm (Feature
importance) 1umadinlinszinndnuuriadeiiddyiianlunisannisalvesuuusiassi

6. Deployment wan151¥uiildannisAnuidarunsntiiaudnuusilade way
wuudnaeafildluuszgndldairsuuuiiasslunisdndulanisaseguaznisesnnansfues
nfnunlusefugaudne Wediefuimsuazsidimihififsrdesdunsatvayunisinduls
LAY THUALNTUIMTY B9nTzuIunsnIeuLAnnTIsemuananafanmi 1

o ®

Business L]

Data Data

» Understanding Understanding Preparation Modeling Evaluation
o
LI
- Datasets - Data Cleansing - Split Data 70:30 - 10 folds CV
- Data Exploration - Missing Value - Classification (ML) - Accuracy
- Outliers -DT - AUC Scores
- Defined Label -RF - Recall

- Feature Selection - LGBM
-GBC
- XGB

- SMOTE

- Precision

- F1 Scores

- Confusion Matrix

- Feature Importance

I 1 ATOULYIANNITITEY

NAN13ITY

namsSeuiisudszansamuuusiassmanisaldssamduliinssnaulars 5 wuud
Ududgasgavsnmuuuinassuds lngvhnsiieuiisulssansnmuesuuuiaesiiléinade
BHuanwidoyaiuuazuuuirassiilildldimaianisdannyidoya 9innsnsudsyadeya
eonlu 10 YalunsasisuasnagauluUTIaes WuIkUUIIaed Random Forest liiAnaay
Qﬂéfangﬁ'qmﬁa 0.9074 S99a911ABLUUINGDY Light Gradient Boosting Machine &A1 0.9044
WUUY1a89 Decision Tree dA1 0.9023 WUUI1@09 Extreme Gradient Boosting dA1 0.8945
WUUI1a0Y Extreme Gradient Boosting (SMOTE) A1 0.8921 wuud1a89 Random Forest
(SMOTE) #iA1 0.8914 WuUd1ae9 Light Gradient Boosting Machine (SMOTE) @1 0.8911
WUUT1889 Gradient Boosting (SMOTE) &1 0. 8908 WUUII8DY Gradient Boostmg 1A
0.8850 WazkuuUd1aas Decision Tree (SMOTE) :Jmmaﬂﬂa 0.8839 Muddiu 9ntufiansan
Arftudldng s wuduuusiaes Light Gradient Boosting Machine iwmqwq@ﬂa 0.9365
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J9IRIUIABUUUTIARY Random Forest A1 0.9347 uazluudnaes Random Forest (SMOTE)
fifn 0.9345 uaziflofinsanuuuinassfliinaiaisdnangidoyaifisifieusunuaunaves
ﬂmawudwmizﬁﬂ%awa"wammﬂmgﬁmLﬁwﬁul,t,azmﬂ’;ml,l,aius‘ha@aa wileiieudndiy
nsmansaiveamnamyasalazifianumsranuazAa NIt ug1TInAud odnNnna
wuhuuuhaeshulniienfiugitu Smadnsmadieuiisunuusinewuanddmumaad 3

#15799 3
#I5IYFTHUNEUUTETNEN YU UUTIA Y
Models Accuracy AUC Recall Precision F1

Decision Tree 0.9023 0.9214 0.5145 0.6393 0.5685
Decision Tree (SMOTE) 0.8839 0.8879 0.6849 0.5305 0.5975
Gradient Boosting 0.8850 0.9202 0.4760 0.5505 0.5098
Gradient Boosting (SMOTE) 0.8908 0.9326 0.8189 0.5439 0.6535
Light Gradient Boosting Machine 0.9044 0.9365 0.4400 0.6880 0.5362
Light Gradient Boosting Machine (SMOTE) 0.8911 0.9289 0.7174 0.5519 0.6236
Random Forest 0.9074 0.9347 0.4947 0.6831 0.5730
Random Forest (SMOTE) 0.8914 0.9345 0.8189 0.5455 0.6547
Extreme Gradient Boosting 0.8945 0.9285 0.5244 0.5923 0.5552
Extreme Gradient Boosting (SMOTE) 0.8921 0.9274 0.5620 0.5729 0.5669

Mniudlefinsunadnsmaasmindauduau (Confusion Matrix) veauuudiansd
Usugulawosmsiimes anyndeyanaaey 30% wuinuuudiass Random Forest #tlafléld
madansdaaszidoyatiindaiaugniesgsiigafefesas 90.97 sosasuAonuudians
Light Gradient Boosting Machine fia1¥agaz 90.71 Luudnass Decision Tree fA15oay 90.4
FanadnsmsiFoudiunuuiassmasmindanuduauuansliniumsiei 4

#7579 4
MITNNAGNENIIAINNITAINITO8NNANAUYEIINANYIYBILUUTIAEY YnTayanTI9aay 30%
Models Predicted Class
Baseline SMOTE

Studying Dropout Studying Dropout
Decision Tree Studying 7151 337 6729 759
Dropout 494 618 323 789
Accuracy 90.34% 87.42%
Gradient Boosting Studying 7080 408 6746 742
E‘} Dropout 539 573 205 907
P Accuracy 88.99% 88.99%
E Light Gradient Boosting Machine Studying 7264 224 6883 605
Dropout 575 537 317 795
Accuracy 90.71% 89.28%
Random Forest Studying 7235 253 6738 750
Dropout 524 588 198 914
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7157997 4
MITNAAANENITAINNITAINITBONNANAUYSINANYIYVOUUUTIABY INToYanTIFay 30%

(918)
Models Predicted Class
Baseline SMOTE

Studying  Dropout Studying  Dropout

Accuracy 90.97% 88.98%

Extreme Gradient Boosting Studying 7112 376 7034 454
Dropout 501 611 451 661

Accuracy 89.80% 89.48%

Fumeugniinernsinnsaneiudldnmuarandnuuziiddgronuuiiass lng
{Aduidonuuudiassiifidnanugnies 3 Sufuusn nuiuuudiass Random Forest LAz
WuUS1aes Decision Tree fefuiildnsmviiiufe 0.93 uaztadofiddy 6 Susuusnwiniu
Ao wan15.3ulads ACC_GPA sodaandenanisiioutlagiu GPA Jadunian1sdnu,
EDU_TERM 4T YEAR STATUS nansiseureudndne HSC GPA WASAZLUUNIYIDINGY
Aewdfnyn ENG SCORE munndl 2-3 d@auuuusiaes Light Gradient Boosting Machine &
Afiuiilinsegil 0.94 uasdlafoiiddyie nansBsuneuwd@nu HSC GPA sasasnfona
nsi3eulads ACC_GPA AzuuunwIsanguneulin@nw) ENG SCORE namsi3ouilagiu GPA
$uT YEAR STATUS wavn1an1sdne1 EDU_TERM Insdaulng Jadsaesuusiaesienanis
Bouavay ACC_GPA uaznan1si3sutiagiudulladefidndnyian suami 4

ROC Curves for RandomForestClassifier Feature Importance Plot

GPA i

FAC_GROUP_NAME_ENG_Scie

i
v a o o

g 2 munlansiuasaveianAyvesuuydIaed Random Forest

ROC Curves for DecisionTreeClassifier Feature importance Plot

e

False Positive Rate Vasiable Importance

i
v a o o

gl 3 munlansiuasaveianAyvesuuyTIaed Decision Tree
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ROC Curves for LGBMClassifier Feature Importance Plot

Faise Positve Rate Variable Importance

29 4 aruilens sz UaveiaAyveauuydiaey Licht Gradient Boosting Machine

dyduazanusiena

mATeditaguszasdifedumiateiifinadesninisoonnanduvesindnu uas
WIBUEULUUTNADI8aN3INNITTMUNUTEAN 5 LU ‘wmfﬂLLUUﬁTwamﬁﬁmmmgﬂéfm 3
dusuusn leLALUUTIa0e Random Forest Luud1aes Light Gradient Boosting Machine way
Decision Tree Iﬁﬂ'ﬁmmgﬂﬁaﬂﬂﬁtﬁmﬁuﬁ%aaa3 90.74%, 90.71% wazsasay 90.34%
puddiU daumiuiiléng sl wuusiass Lisht Gradient Boosting Machine ﬁﬁwqqﬁqm%’aaaz
93.65% A1sdn Wuus1aes Random Forest (SMOTE) flengsiignosay 81.89 ArAdmusiug)
wuUs1aes Random Forest fiAngsfianienay 68.31 LagAIAILG99a WUUTIADe Random
Forest (SMOTE) fingefianiouas 65.47 uaziilefiansannadnsnisaanisainisesnnanadu
AsmIndaNdUaunUILUUEIans Random Forest lsidaugniesgeiigafotosay
90.97% ethuuuusians Random Forest fiufugulaesmiinesuduiuisiadan

nsfnwinuirildeiiidvinadoniseannarsduresind@nunniignvesiuusiaes
Random Forest baiwa fianysuanisiseuazay ACC GPA, nan1siseutlagdu GPA, ana
N13AN®1 EDU_TERM, fud YEAR STATUS, Nan1si3aunaultn@nen HSC GPA, LagAzLuu
AMw1denguneuldnAnen ENG SCORES muddu deasnadasiuanuideves (Theppalak,
2019) inuinudnuazdadeidfyfidmasonsoonnanduresindnuie nansiSeuads
fisn uazaenndeafiuiu3dores (Mahatthanachai et al., 2016) uazeu3d8v09 (Tenpipat &
Akkarajitsakul, 2020) finuinudnuariadefidwareniseonnansduvesin@nwide nanis
SeunauIAne AuEIsU

druladenmuguainiasladenieniunisiu laun fauuslsausednda DISEASE,
WWe1 ALLERGY, A214#N1S DEFORMITY NAME ENG fuUsneldaastndnu AVG_INCOME,
s1eeedetinAny) AVG EXPENSE, $181#iaduu1san MOTHER AVG_INCOME uwazselé
\ndefan FATHER AVG_INCOME nuinliiduiiadsddndidsmanoniseannansduvasiindnm
agnafifadday?l P-value < 0.05

DG RIRIE

Folausnuranranisanwiadedfitinanesnsinisesnnatsfuvestinfnel seau
UTRUey19s ANINEIEERTAIUATUNS wazUToUTIBULUUI18099aN3INAITILUNUIZLAN 5
wwuileliideuasimumirdeyailldluAnyiuasiaufaniuiisoas Bonded
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1. Foyannszuvamandou uazszuudoyaiiugiutndnu winendoawaiueiuns
Asdniudoy aimmmmmamiumuma maammiammmawamaLLawmeﬂmLuumaaa
Seuslen S

2. dhfeyananisiFeuresieivninngiiuduietigliuuuiasslfidouduas
Anreildanfondeiu wazdieliansolinszneinidmatensoannardunionsot
yosunAnwla

3. msthuvudaesdildluiauissnuuusisnuunruesaiiessuLazAnn1unis
sonnansduvasindnu lasthuuudiaesiliunaianisalfeyatss uazsenudnauainy
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