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Abstract

The thesis title the design of micro-learning activities via metaverse to enhance
digital literacy and digital empathy for undergraduate students. The objectives of this
research are (1) to design the micro-learning activities via metaverse to enhance digital
literacy and digital empathy for undergraduate students, (2) to develop the micro-
learning activities via metaverse model to enhance digital literacy and digital empathy
for undergraduate students, (3) to develop the micro-learning activities via metaverse
platform to enhance digital literacy and digital empathy for undergraduate students,
(4) to compare the learning achievement of the students before and after learning with
the micro-learning activities via metaverse, (5) to evaluate digital literacy and digital
empathy of the students after learning with the micro-learning activities via metaverse,
and (6) to evaluate the students’ satisfaction after learning with the micro-learning
activities via metaverse. The scope of this research consists of: 1) the research
population are the undergraduate students of Pakse Teacher Training College,
Champasak, Lao PDR, 2) the sample group includes 30 undergraduate students derived
by means of cluster sampling, all of whom are the freshmen in the Department of
English of Pakse Teacher Training College, Lao People's Democratic Republic, enrolled
in Basic Computer Course 1. The research instruments consist of 1) the micro-learning
activities via metaverse model to enhance digital literacy and digital empathy for
undergraduate students, 2) the evaluation form on the suitability of the micro-learning
activities via metaverse model to enhance digital literacy and digital empathy for
undergraduate students, 3) the evaluation form on the quality of the micro-learning
activities via metaverse platform, 4) learing achievement test, 5) the evaluation form
on digital literacy and digital empathy, and 6) the satisfaction evaluation form. The

statistics used in this research are mean, standard deviation. and t-value.



According to the research results, it is found that:

1. The micro-learning activities via metaverse model to enhance digital literacy
and digital empathy for undergraduate students comprises 4 elements: 1) input factor,
including learners, instructors, learning plans, learning activities, and technologies,
2) learning process, divided into 2 stages, i.e., preparation and instruction, 3) output,
consisting of learning achievement, digital literacy, and digital empathy, and
4) feedback.

2. According to the results of evaluation on the suitability of the micro-learning
activities via metaverse model to enhance digital literacy and digital empathy for
undergraduate students, it is found that the overall suitability is at very high level.

3. Referring to the results of evaluation on the quality of the micro-learning
activities via metaverse platform to enhance digital literacy and digital empathy for
undergraduate students, it is found that the overall suitability is at very high level.

4. The results of evaluation on learning achievement of the students, whose
scores were compared by means of dependent t-test before and after learning with
this model, show that their learning achievement after studying is higher with the
statistical significance of .05.

5. In reference to the evaluation on digital literacy and digital empathy after
using the micro-learning activities via metaverse platform to enhance digital literacy
and digital empathy for undergraduate students, it is found that the average scores of
these students are at very good level.

6. The results of evaluation on the satisfaction towards the micro-learning
activities via metaverse platform to enhance digital literacy and digital empathy for
undergraduate students show that the students’ satisfaction towards this platform is
at high level.

(Total 182 pages)

Keywords: Micro-learning Metaverse Digital Literacy Digital Empathy
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2.1 msﬁauﬁ%mm%a (Machine Learning)

2.2 syuupeuwesialounysd (Human-like Computer System)

2.3 M3AsegveatinAinw (Student Retention)

24 syuuiivinusansey (Intelligent Advisory System)

2.5 yAdeiiAedes

2.6 aglionansianAdeiifeades

2.1 n’nil,'%ﬂu%ﬂjam,ﬂ?aa (Machine Learning)

Buitauinisvesunfn vioawanineinisludiiduasesiuazadistuduty
seminnudiumelulad afd uazgshaileldlumsiiesgiteyavuinlng wiefiFenin
“Big Data” Lﬁamimwu (Pattern) %@maL%aﬁﬂ u‘%aaaﬁmm%’mﬂashaﬁ%iauaeﬂu%’amaﬁ?u
Lwauﬂlﬂiﬂmﬂmﬂiwiwu Tudusing 9 fail emadeya Lﬂuawnﬁmmmwmmﬂmmm
Tugadagty esaniinafusiusadeyauntunntu ddu n1sld Machine Learning
fiusslominaosu tiun msvhunesuaznisiaduladiaity Machine Learing theliesdns
annsavusuagdaiulalunisdniuanuldddu lnelddoyaiiazaunn wu nsdiune
gaAYIeAUAT N1TAIANITAERNTINITaLIATBYS Y3aN15IANITARIAUAT I UEaY
mnneiuazmadiladeya daeliesdnadilaiindsdoyadifieg daagaelunsdndula
lun1919gnsMansfng o agn1saniunisning q sgadivena Wy n1ATeRdeyagnan
diardlangfnssunistevesmanian mslesgiteyaifsrtunmuueinain nsiiia
Uszangnmlunisaniiuaiy Machine Learning 918laeAnsUsuUInssuiumsvinemu uag
diasransanlunisdnfiveusnge lnsaradunisiunswasdnnisadadudi nnsdaiv
LarIATIERdoyagnA1 v3en1sUSUUTINTEUINNITHER AsAuNUANSIud: Machine
Learning FrelipsAnsAunumusivd 9 ﬁ%aua&ﬂu%’aaﬂa Faorathelumsasauinnssuvie
nswaRdnsueilag 9 nsvhuiewazdestuainudss: sl Machine Learning 9aelu
mMsiueuazdleaiuaundssing 9 Wy m3manisainsunsszuinveslsa msaanisal
gnsnsasilindaya M5on1391wuUNN1THENINgIzUU0909AnT N13kY Machine Learning
iemsviunessonveduilaglddeyauszfimansvesgndn msdanisuaziiaszsideya
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nsldnuneunaiatuilefeiiousuussussansaiw nionsitaseideyanisnisunnd
dievhunelsauaznsnasumsnylusuian “an

nsi3euveaiA3es (Machine Learning) luavaningnisifinnuiieadostudv
iU TinEEteyavalug dadudoyaivainvaisesdnslviaiuddegiann
dethluliusudssmadniiunuvdeatunuldiuievliesdng uiteyavuialn giliniy
tupsdnsliianunsnthuUuldlaviud devuinvesdoys uazarumarnvansvesdeya
fefu Fedndudenideyarualgdunriiunszuaunismamaiiouivesaies (Machine
Learning) rieu titedeyafildazifudoyaiianmnsnth luldlmAausslovidld a3ainemans
Yoya \Hunszuiumsviemansililumsfumsuiuunionnuduiusidsdnvesdoya
Tnensruruntsdnuagyiauiuguagldndnnindeatuiu nssuaunismanisidousves
A0 Ao Fuduainmsismanuiiaulelulssduiesudeyaiiidiannsod4lfiae
Uselomildodnsls anthmsdumuazdafotoya drategamuuuummuarnidonlss
sewinedu vhnsafrsuvudiassiiedinszidoya wazanvhetiauenadnifidinenin
ilaluguuuuresnsislsing « (Visualization) Wiefigshvazanunsaviluldusyleviiseluls
og1alsfiny uifnszurumsAnuaznisyiheu funisiioudveanies (Machine Leaming)
gwilourunsEuIuMIMeIneImans udaziidounnsrafidrdey Ao nsiseuivesaies
(Machine Leamning) aztJunisviauiisjsifuiisatunisiiasegsideya Adesldaaud
MnunvatEAEns elinisneauufgiu nsneaes waznsmadnsiagirluliUselowd
yesgsiavientdns uldedsiluszaninmuazgniosmuingussasdiidmun A
FudusoddlunisvinnisBeuivesaios (Machine Leaming) 1y mm3iugsia Ay
adlnmansuazadn anuiFumeluladnisdeasuaznenfinmes uazmasnaunmsiunns
WnaueradnsuarIsnsihdeyaluld Wusu

n9130usvealA3es 30 Machine Learning tIUATAUINTYBILUIAN DAY
avingmslmifidauesgiuazainstuutussrinenudiumalulod 455 uazgaaiield
Tumsirsesideyauunnlug wiefiSunin “Big Data” Lilemguuuy (Pattern) doyaiBsdn
viposdauiunsedeiiveusgluteyatu e lUldlMAnyslevisely dogavuelug)
(Big Data) Wuweluladfiosdnvate q winiudunldlunsuszuiana AATIEIToyasig 9
Tnelanzdayaiientugniiiunansenistodudi

mﬂ‘wusmiaﬂm eI iU 9 1935379 ol \lelesdnsiuiiannu
e \Renfugnénutessfivesauanniy awmﬁamvmau%lmLLuummﬂmu odlsfiana
#191 “Big Data” lalldmanedstoyaiitvunalugiviidy widmnefedeyaiiinadnuusdu
e Tnsnadnvazifisdldmsudoyavunlvg leun

1. Y3u1au (Volume)

2. andrlumswdsuundas (Velocity)

3. Auviannviany (Variety)
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4. puliidniau (Veracity) Fanudnwainaiibdunauiainidnisldnudumneside
WiannTu iiteya HntududnuummawagnalniaIewanafian i 2-1

Ea

Computer
Science/IT

Software
development

Business/
Domain Knowledge

AN 21 UARINISHANKAUTENINMERSNTAUAg TN SYIIUALIN TS BuS
984LA389 (Sander Ketelaar, 2024)

AT 2-1 Inermanidoya 1uanarvIvnisautunisdunideyaidedn
fildlsesaannyndeyaiifllassairuazbiflassaiswuelng fidevqiuinemans
foyanarusingnsaeuiiomes Msinszildsannisal afi uaznisiouiveanies
ileynyadeyavurnlngunn Tnefidmneifiedumdeyaddniiiisadostaunsntaeln
psAnsfludrevth wazszymmnisalianylusunan deyadiillaseains (Structured Data)
warliifilaseade (Unstructured Data) warAslaseadna (Semi-Structured Data) tnedaulngy
uiteyafleguuedorisdumesidnazegluguuvuliiflassains Fuinanmslinudedny
soulatl 1w wwdn (Facebook) ninmas (Twitter) waz &3U (YouTube) LUusu (Rozados
& Tjahjono, 2014) uendnidoyadianunsaiudsunadldosnennia snfegnatu feya
vosmsTnauumatn niadaitanas Srunuadinisdeduiesulat sy
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nn Wi 2-2 amrsneSursdunounagnsruIuNITI9IUYES Machine Leaming
IﬂaﬁwﬁﬂmqwaLLavaqcﬁmm%fsuaw%ﬁmﬁL“T;Juc’iﬁwéf’mmiuiaﬁLwﬂiuiaé' IBM (International
Business Machines Corporation) #atfuussmnaluladtuisy muiaﬂmmmﬁmaﬂu
n1sbruinisuasiautnalulag LLa“mmmwmmmlwawmu U panIRADLafg,
mnuvaonds, Jyanuszivg, Sumesdidnuesassnds, Iouagiaunvoniuag, uazuinig
ﬂau%’aaqﬁﬁﬂmqua wonanideilunumddalumsadasimuimaluladinl o wu
AeusuARLINRY, ANuaanveiles, nsusuld Blockchain, WaENTIATIERUBYANNNANA
(Big Data Analytics) Zafinalif 1BM LﬂuﬂﬁﬂumiwﬁsmmaqLLazﬁmmaqﬁmﬁﬂaﬂﬁw
waluladfinauslilunarediu waluladves IBM asounquitensauas (Hardware) wag
goNAWIS (Software) 92f1U3N13AANIA (Cloud Services) Bssosfunmsiamuaundinduy
19 9 uazmsdnnsteyadadududruddyresssialugadagiu waluladues 1BV &l
mdganglumsimuinazuinmssnuanuasafoiinuianusiuasasnfoves
foyauarsruuretesing uenaniddunumdrdnlunsiauiuanisldaumaluled
Uszansngs 1wy mslitlyguseivg (Artificial Intelligence) Tunisiiaszvidoyaiitotas
Tunisdndulanisgsia Tuadranmlviiuiennnudesivigues BM ludumalulad
saansndvBaiamanuuarlasinsfishunvesuitn sufwonduififautudioudle
Homgsiafidudon uaskandumifiderundaudd a.a 1911 dliuinsuerldnulasesdns
sedulanuazesdnsvualugiilan

11778 ﬂ131&'@114153%%%@15@@%8353EJLwﬂiuiagmaﬁmﬁy%ﬁamsmaaﬂimaa
HnAnw Tonann1svi1euees Machine Learning Lifecycle 270 IBM @1%5UA1THAILIAILUY
Wmﬂsaiizuuﬁﬂ'%ﬂmé’aa%azé’mm&ﬂuia@maﬁ@mLﬁamﬁmagﬁuaaﬁﬂﬁﬂm
seiugeuAne Tduneunisvhausd

2.1.1 Data Preparation Aon13tA3gutaanan1sinN1g (M3en15UsEaIanaaanin)
foyadu (@ro19unnuvasdoyaiuandneiv) Weglusuuuuiiamsaiinseildieuay
WUUEN LU Lﬁa"’a’mqﬂizaqﬁmﬂﬁﬁﬁa Friedland, David (September 7, 2016) mim'%smsﬁ’auva
Butunounsnlulassnisiinnesidoyauazonasufanuiinenainfunaisogie iy
nsinaateyanionsintndeya nssudoya nsdrsteya maiindeya uaznisdaneu
foya Jgmidesiansutseeniduassuszsianndn: doRanainegraduszuuiiistes iy
tuiindoyadiuiuinn enadumszdoyaunanunasiiunnsnaiu defianaiausazsiens
dwasiatuiindeyaduiuties oraidesnandeianairlunsieudeyasuaty

formuateya tuneuusnienstiuustermuslaazdearessUuuroiusiasyos
foyauarAIMLIBY09318N139Ne ) Avisddedlvisddyiian fo n1sUSnwmTedudld
foyatorimunanizvesszule q Aflegdsazlidoyaiiievinisiinszianudlosgig
asuthuieiuteyaifoguarlimstiamugnydeviearinle 9 ludeyasduaty

Yofmuntermunteyasialdsunisimurdvivesdnsviearviamsla 9 e
Usuusinanmvemdntaridoauaiaveuazanaluidla lnsrdnenuedeu (iesn
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Huiifidrusiuianunsdedademmunifioatn) waedaldduinsgiu vilfnnsadis
UfuiAsu asadey Tieset wasudsdudeyarhisosdnaldisuasdusyansnmauniy
iieliiinlaidermundermundeyarhanusdidlslusadng 1sdesgesduszneuves DDS
Msilpudidrinanuvesteya msivuaieulaniagsia (Fengunmsh) Tuudunyes
anmuandeuane suluniswssulassaiisdmsvantdnenssudoyavesesdng Tunis
faudsifnammand ailddesarunsadudouluddayaiidmualisgrsdaian
formuatetmundoyaerldlufanssudeluil: ssuugsfadanier naadeuvuiaes
NI¥UIUNITNNGINT N15IANTTNYNMUIINNGEIAL N1TIATIERTeYauazn1saIsuuUTIaed
anUnenssudeya n1saawuudnasstayaun NMIasesenu auuiiinanfidnysaes
iszyiumisnaniimans Wuldldinluunasdeyaniesia “PLK” nunefs "fwalan’
uazluuvasdoyadusiadertumnegis “SKT” 1591azdesAnfuyasiandaaunazuilysia
Tugasufingadermudidu uenand "fufivanimans” eramnevide q wu fleg
dmsudnds flogdmsumsSoniAuitiu fegiidndsdudn anaiudmiunmsiSenifiuiu vie
fotiuresssmaiifendos iFesiomniiazdosnsounquegludarivun orafiunsssndoud
i “x” vide “555” ludesiiy whilddnhdifudoyailigndoadesanlidulunudatmun
mndduAnAIna1IuIutey 1519z lUAaULeIns avInANLLduglUd Aty Ligsay
Suinwandusenaning anudululdBnegmisionisadonnany s

N3EUILUNTN53UFIBAAT8S (Machine Learing) WalUisudusianisaudny
ynagsRafigndes smdsnsmunuuasdnwdndeya deiudsiudanlafidoyanmuaind
wihlguszansnmaedlunaiilald dufewguaiinisSouiveuaios (Machine Leaming)
dessiulalununinvesteyaimniliidudunadmiunisairawuudrasadsnanisel
maweudeyadunidudunouiidrdyiigauasinlfinauresmsinaBuiveeios
(Machine Learning) Tuaa1uilua3e #n1suszunanisiiniswsendeyainagldinavas
AYILNETETL 50-70% TeINsEUILNISTHaVLA vlBTunsEeuiuanados (Machine Learning)
fnandesunlunmsiawmedeyaidednivy q uazdweulniugidunadndula le9ann
Usinadeyandmivllutagtuiinniuludmiunismsiaasusemnuios
tininenmanssuteyalutiagtuisiesnisnszuiunisslusififiowiouteyaogisminia
uwazlaiugn "nsdanisiudeys”

Data cleansing n13a1sdeayanianisdasdoyadunszuiunislunisnsiaduuazuila
(v3eav) Tufindidemovdelignieseananyatiuiin a5 viegiudeya uazmaneda
nsszydnvasteyaiiliauysnl ligndes ligndes uisliifsades arnifuisinisuny
fusudou ﬁamiau%’agaﬁaﬂﬂiﬂw%umu (Wy, S., 2013) N15819Y0Ya81AANTUNTT
wuuldineuiuiedesiionisanidestoya viedunisuszinanauyariiunsidouaniud
wiolwireadaunindoya ndsannnisdrsdoya yadoyamsasnndosiuyndeyadu
fndeedeiuluszuy mallidenadostufinsianunioausenonaflavnunaindeianan
Tunsteudeyaveadld anudsmelunisdwsonisdaiu vielaemdriaaunauiynsy
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PoyanuanaaiuveseunaneaeiuluiuaA1e 9 N1339UaYARANAI9IINNITATIAEDY

AUYNABIYEITBYANTININ1TATIAUAIUYNARILADUITAN AN NN8AIUINTOYA

a

gnufiasanszuu a nanideudeya wazazdidunis a naiteudeya unuilanduys
foua ndnnsdsdeya yadeyamsasandestuyndeyaduiindrondsiulusyuy Al
aenadosfuiinTianuvioavesneaiiannguinindefanainlunisdouteyavesyld
amnudemelunsdaienisinifiu nielaemdrdinanumauiynsudoyaiiunnrafues
uiiriadeiuluiudeing q msdadeyaunndsainnisnsieseuanugnieswesteya
p3sfinsmsIRaeUANNgndeaisuIzaiae e AL doyagnUiEsnsEU & At
douteya warazduiuns a nariitoudeya unuilezsiduyadeya nszuiunsdredeya

D

ﬂ%\i@’]ﬂLﬁEJ'J{JI@QﬁJ‘Uﬂ']3@U%@aﬂwaqﬂ11«m7§ﬁﬂﬁwgaﬂ’ﬁmi?%ﬁ@uLLagLLﬁl%ﬁqﬁUﬁ’]ﬂﬂﬂlﬁLBUﬁm
a v % ' a A Av 1A W N sa
N3V N1IATINABUAINGNABIIATNNIA (1w NsUfiasiiegla o Alufiswalusudldn

)

gneies) vieinmsduganienilidaauvdelnsuszana (Wu nmsuilviufinfinssiuundiu
tuiinfifiegniefisan) legiunisdadeyaursedrsazdadoyalasnisnsisaeutimiuyn
Foyaildsunisasaaeuuds uumsfoamlvlunsisdeyafonisusutsidoya Taod
fouaazgniilauysainniulasnafiudeyaiiAeados ogradu mderinefiegiie
mnealnsdififedestuiiogiu medsdeyaeaifsrfosiunisUssauiu (Foms
Tduinnsgw) vesteya dadunszuiunslumsmusudeyaves "sUuuulédiunnsraiiu
SULUUMIRaDD wazAedd' nsiufu wasulaadugndeyafidenlostugmifier Megsdne
Aonsvenadgs (st, rd, 182" 1 "Street, Road, “184") m'il,m%ﬂu%agaLﬁ'wﬁaﬂﬁ’umsé’m
foyauaznisuiugusdlmiliifusuuuuildaulddmivmsdndunisdumsisouives
1399 (Machine Learning) sfogswasianssunisisendoyamly Téud msdnnisiudeya
laflfunsgu lifilassaina vieliaoandostu waznsnudeyannundtazsuuuud
unneinafu edesdiefiliidnfuas Sansundstoyasenuiadldieiu nglidesdinmg
Femaydumadalunwnadeuldswnsuviernudesmgiunisdeuldn aunsevili
faldusslovinnundstoyaresnsAnsvioundsdosanisuanlduiniu ndesilouas
waluladuuuiin 1wy mwiarsus waznanmdeyalaildiilidmiudldnsgsia Tnevily
udmanidesnsvinue Madeulusunsuvidelefinglivnessfvdndduallaisl Funswaun
spUUaNTnd1599 Falaseaina shanwazenn iy wazdtianteya esuiniounisiaia
auysoiudranniniuiunouiuguuundeyaduilediiiuniafisaiuld

2.1.2 Exploratory data analysis N1534A51EVUaYaLTE593 (EDA) Duwuavnandslu
mnnindoyaiioasunudnunzvdn Tnesinldnsfinmeaifuazisnsuansnmdeya
3u 9 wuudraemadfaunsaldldvdelufld ud EDA Jumdnfenisgindeyaaiunsaven
olasldng uenmionnnisadisuuuiansedraduninis uasdemgdTaunndneiy
NINAGBUANLATINMUULAYL 9 n1FeTendeyaidedinalasunisdaaiulag John Tukey
Faurd 1970 iitoadvayuliinaifdisadoya waroraimunauufgiufienatilugng
svTaNkaznIIneassteyalmi q EDA unndnsa1nnIshasteideyaidossdiu (1DA)



16

(Chatfield, C., 1995) Busjaiulufinsnsadevanufguidniudmiunisuiuiuudians
LAz sMadeUaNNAgIuliuaundl waznnsdanisAmeluuaznisudasiulsniuainy
310U EDA AsOUARUEY IDA Aon13nI9deu wAly yinAuazeiavvadfaunsaesuiele
BaUTinn wu Aadsuazdnideauuinnsgiu Adudnvaesng 9 vesamiotativunelg
AILAIATF AR INTOYAG LAY

Exploratory

Data
ELES

Raw Data
Data Is
Collected Processed

Clean
Dataset

Models &
Algorithms

Communicate

Data Visualize

Make

Product Report I Decisions

Reality

AWl 2-3 NTATIEVTELANE539 (EDA) O'Neil, Cathy and, (2014)

AW 2-3 uanaunufanszurunsaiisnndeya LansnszuILMTINeImanideya
foyagnyrusinnniduesluaninwindondsuanslasgnlan deyaazgn a1 nie
Uszsnanariieasrsyadeya (nevhluaemsnsdeya) Alddmiunmsuszanana mslinses
Joyaidadrmauarnsaianuuinasmaifeadniiunisls wandurideya Aelusunsy
Fuffuanldifiowusiinistelvdauuszianisde uonanddanunsnadredeyauas
dounduinganimundenlddn Wedsyadeyauda fansadneild dninseviensld
wadaing q AGendnnsiessideyaidedina Wesuduihnnudilatenuiifeglu
foyaillésu nszurumsdinadeyasisdsmaliiimaianuazendeyaifiifuvienisios
vodoyaifiniiu fudu maduduvesszoznnuiiinanidudentihvosdut adfds
nIsun LU Aledevierdtegiu aunsnaiiduitedislunisiianudiladeyald
msafrenmdeyadufumedafilédsiniinseiarunsansiaasudoyalusiuuunsiiin
delilsdoyadednisninitudoruneluteya
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mMTAnTideyauUy Exploratory Wumaliamsilnneiiiedinnyitaznsaaeun
Toyauazasuanvuzddguesyadeya dolduSoundnves EDA Aensuansdeyaidunin
NARINIINITIATIEN

Tunsmeiwiisaglifoyasedndletatsdidoyaiontunonloda 150 aonusazaen
50 maﬂafmmﬁﬂumumsﬁuﬁ: Iris species: Setosa, Versicolour, and Virginica aonldufaz
yinfidnuainsenaded

sepal length in centimeters

sepal width in centimeters

petal length in centimeters

petal width in centimeters

HalRaLUINITNEINTal class (Setosa, Versicolour, Virginica)

In[1]: import pandas as pd

data = pd.read_csv('http://archive.ics.uci.edu/ml/machine-learing-databases/ins/ins.data’, header=None)
data.columns = ['sapal length’, 'sepal width', "petal length’, 'petal width', ‘cdass']

data.head()
Out[1]:

' sepal length | sepal width | petal length | petal wudthI class]
0/5.1 35 14 0.2 Iris-setosa
149 30 114 0.2 Iris-setosa |
2’47 3,2- ‘.1.3 0.2 : |.n;-s;stosa.1
3 46 3.1 1.5 0.2 Ins-setosa 1
4,50 36 14 0.2 Jms-setosai

mskanstoya worvsUBaUsuausiars1en1s laun AwluAlede dmdsauu
UINTFIU AWER UazAnaanlakaansasil

In[1]: import pandas as pd

data = pd.read_csv('http://archive.ics.uci.edu/ml/machine-learning-databases/ins/ins,data’, header=None)
data.columns = ['sepal length’, 'sepal width’, 'petal length’, 'petal width', ‘class’]

data.head()
Outf1]

sepal length | sepal width | petal length | petal widthi class
d b5~1 35 1.4 0 2 fVirr-';s?set«;vsta
1149 30 14 0.2 | Inis-setosa
2|47 32 1.3 0.2 | Iris-setosa
346 31 1.5 0.2 | Iris-setosa
450 38 14 0.2 :lns-setosa
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Data Exploration fie M3dsaadeya lunszviumsidnieseideyaliiiiodisa

¥

LLﬁu‘Vl’]ﬂ’J’]llL?JWI"UﬂUGUWUE)SJaVIlIBEJ T,mEwnmsmﬁnﬂmaﬂwmzﬁuﬁmmam;ﬂa S ﬂ'ﬁﬁ?ﬂ

<3
=

AadAfug I 1y NswanAads mdudsnuunsgiu vensndennsuasiiund
dieasanmsanisatunisnszasvesteya msdmnateyatnidudunounsniitniingiei
Toyaviuiloldsuyadoyalvl Fadrelimanvmsruidnvarvosteya uazauduiug
sgrinefaudseing 4 lugadeyaty q Tasslfmniansosmuauwunslinszidoya
e é’f’;asi']waqmiﬁ’ﬁw%’aagaLflulé’é’m‘j msaqﬂmaﬁamiﬁmm@haSaﬁ”ugm LU
Anade Adudssvuimsgiu viemstiusuuteyaluudazngu nmswdonnsm nsasis
uuinaznsniileuaninisnszaevesdoya visArmduRuSsEnInefuUT 9 Tugn
Toya NM3aFagULUURg 9 WU N13adennsanmNEuiusTeninediuls vienisasi
nsmiileuaninendudndiuestoya

i1 i =X —Y)
VIR (% — )2 XM (i — ¥)?

AN wansnseientoya (Data Preparation): Mawdoudoyalutunoufiddyy
iesnaunnwesteyaiinaieUszaninmaedduina manioudeyasiudanisvitai
azoindoya midnszdeudoya miwdasteyalieglusuuuuivnzandmiumsthluldly
nsassluina nsidenvesdnualy (Feature Selection): lonvasdnwamiemulsiiinase
nadnsadeanslulinea tnensdenvesanuaeiifinnudfyuazisvsnaonadns

2.1.3 Predictive Modeling nueds n1sWauluma (Model Development) Tusnu
Machine Leaming Hutunouitddalunsasrdueaiiannsaldouldasdunsudlotym
fuieadestudoya dunouihjautiunmsaiuarUsndulinafivngandmivauniodgm
V]ﬂﬂaﬂﬂuLLfg‘IALGUIﬂEJGL“U"UEJQJUaV]NagJJLLauSUEJJJua‘Vlﬂﬁ’eJUL‘WEJ’JLﬂi’]uMLLauU‘iUUEQINLﬂaIWN
UseAvBnmanniian tumeuvdnlunisianluaadisd

wuudtaesvesnisieuivouedeaiierinnisaianisal faesnszuiunisvdn amnsn
wuanudnuaen1sideule 3 ssanuan fe

1. Supervised learning

2. Unsupervised learning

3. Reinforcement Machine Learning

2.1.3.1 Supervised Learning n1st3euiuuuiigaou iunseuiudiailunig
Soudveuniodlaeiiingduwn (Wu nAwesvosLTIUIL) wazALeAWATiFeIns (M50
fFenindyyunisauauguaiandieiiulneuywd) Anluna deyanisilneusildsy
msUszanana adaflaidudiduddeyaluduaendnniiainnys (Mehryar Mohri, Afshin
Rostamizadeh, Ameet Talwalkar, 2012)
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Labeled Data
‘ “ i‘ Prediction

>
,. O
’Jy'g e

Carrot

Bell
Pepper

‘ Tomato

L

Labels
’ 106
) ‘ . g . % |
Tomato e L
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AWl 2-4 Supervised learning nsiSeusuuUilLaeu (Database Town,2024)

n1sissuskuuigaauwarn1siseusuuulifigaou n1siseusuuuligasuldauueidn
MesuieUszneuliieagudeasuiiisadesiununisiieuiifsafudeya msiSeuiuuulid
doualitadouddudoyaifioaguamnuduiudsewinadoyatunumsSouiiietes wagl
Fududesinadosmneteya anunmsaifimunzauiigaazdrelrisaneifiufmuadodnn
dnsuduauaudiuedliiuldiogagnies Adifeddsaneitumaioudifioasuandoyanis
Anevslufanunisaifiueslidiuie i "ammauna’ aunwnsadfvesdanaiiuiie
IfandsiiFonitenianaiaialu luadd nsduunuszanAetymlunisszyinisdung
wsensdune) Luaudnvesnquuuianyle (Usseinsges) fegaldun nsfmundiua
ffvualifiuaata "audy’ vie laflvauty” uazueumnensidadeliiugvasfidivun
mudnwaziidanaldvesiing (wa anuduladin msdoguielsifionnisuisedis Wus)
2.1.3.2 Unsupervised Learning N1si3suiuuuladiigasy nsiSeuiuuulidd
Haoulddadoudludeyaiiieasumnuduiudszninsdoyatunumsisousmfsdes uazl

Sdudewinasamunedoya
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WA 2-5 Unsupervised Learning n1siseusuuulaiiiaou

a ¢ & va a a & Yo [} Y &
namnsiasesiiugavesquan BT Fa3induluuiudiudsvie
AanwagNesueld AuaudRmaenainisdavuianaang o (wu "A", "B", "AB" %30 "O"

q q
o [ (23

dwsuniuiden), a1 (i lug)", "nans” w3e "an"), TAndudinuiy (Yu Srnunseng
Alarnddudiua) M‘%a%amﬁuﬁﬁﬂ (u M3Tannudulafin) fuenuszandu q e
Tnensieufisunisdanasumsdunandsdeulasldflsdduauadioadaniossozmng
Fane3suildnsdnmnavy Insamzegsddunisldoiifugusss Benidnvanny M
1 "Envauy vnedadmnedsilaifuneadamansiidiiunisiasdaneiiunssiuun
Uszian Ssdugdoyadunmdnfumnnmny ddmsianeznsluaivising g deudrmainuane
Tuadd FansduunUssnniinnseidenisonnesladafn auauifvesdedunaFoniim
wlsedune (Wiefuusdase Mnnnes ma) wazUssianiiazyiunaiSoniwadns deiedn
Hueridululfvosiudsey lumsiSeuiveanios msdunainenitduaunud fuus
oSueFuninaudnuvar @anguilunninedandnvue) wagmnanydululdiaanised
I¢fenana Maddu q enraldmdmsiiunndeiu: Wy Tussuuinagusu A1d1 “ansdiuun
Uszan” lagunRagnunefansinsgvindaines

2.1.3.3 Reinforcement Machine Learning #A2138%u18A® Reinforcement
Learning (RL) \unguvilsvesiSnsiSeuiveaniesiifiunsnovausseaniunisaiazns
nszinfieiliszuuannsofunuisnsianganlunsidiganius iaigansenadns
fmngasluszuuiiinsneuaussiuan1nzwIndeuuUUIIL (Task-oriented Environment)
TnefimsliszuuldsumsmeuiuiSeuianuansnsgyiwesmuies Tunnenuin ssuuay
1#§un1si3euslasnismaassuazy3uUengAnssuvesnuniunaneuaussiildsuain
Adanndenvesiu Tag RL fgnldluvIunvesnisdunuisnsujiafimnzanluanunisal
Aduteunazhiviuou fegrsvesaniumsalild AL lduansAumidumaiidlumfues

1 (3

vugudvsensinaulalunisidununianuime Wy nsiSeuiismaedeulminvinzay

o

oeuguAlunIsiiuvuiuinldiauenionisusvaunavesiueudduluiuilg

a

MdsunUategnasnvian Tu RL dndidmusznoundn o Al Agent (Faasrangfnssy): 1u
FTUUNIOAIUITNTUUIZAUNITANINAWINADY LazUTUNGANTINVOINUAINUIZAUNIT0]
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filsisu Environment (@swanden): 1uanuiiil Agent sidlunsuaziZous shusznauluse
A01un15ai619 9 7 Agent ausnvinUselevinsaniuaula Actions (N11505417): Ao
Uszaun1saifl Agent Snisvinludsuanden wu nswndeulmvdenisandunisiiieades
Rewards (513%a): 1dunsimund-lsiiu Agent detsuanisnnuauysalvesnisnsein
Tuvnsdifonadunsimuamauifiovstinnsnssyhduiinnufinnananielimngay
f81999n1514 Reinforcement Learning Aansldf RL lunisinvusudiduuuiiuiafil
i Tngliszuuvusudizoudnnuszaumsaliilduanmmeasuduluanmiluansnadiy
nion15ld RL lunisWauiuazUsuussdunaunisiineesjusudluaninuindoy
flasundasegmasninan leljusudannsauufnaziouimafuegaivssaniam
Tuynanunsaiiiniu nglddesdinsmuuaddnameluusazanunisalam auns
n1eadnaansfiieateaiu Reinforcement Learning (RL) lduAaunisaes Bellman
Equation s?fuﬁuﬁugwﬁwﬁaﬂu RLInedlaoegiuuunan 9 Ae Bellman Expectation
Equation Wag Bellman Optimality Equation n13%1191u2849 Bellman Expectation Equation
WunsuaninuduiusssninemInuaIaniiresr1s197a (Expected Reward) waga
mumanTwesrseTalusousiely (Expected Reward in the Next State) Tneflensllsiil

Q(s,a) = E[r;.1 +ymax, Q(s,a)

'
=

Qx(s,a) Ao A1YBINISNTEYN a IuEUY S Tuizﬁmmm?iawaﬁqm

e+ 1 Ao setafildsundsnnnisnseyi a luaaue s waglugdanuzdnly
s Ao @0 uzdnlunaeaINNIsNIEI a lugnug s

y Ao dnTdIunIsanseiatuouian (Discount Factor)

a o 4' = = a 9 ¥ o Y a Qg v °
ﬂr]ilﬁﬂugsﬂaﬂLﬂi@\?ﬂ@ﬂ’]iﬂ]ﬂﬁ@ﬂﬂ@@iv\l'ﬂLm@il‘mlﬁﬂug LLU'JF"IWUI%ﬂ’ﬁ"\]@Q’]EULLUU

al LYY

WU iUganassuN1sinweUiuUdY 9 iedndudeyaviin a1viifeiteset1slnddn

[y a

ulyauseRvgiazaia

A7)

o A

N19AUIALADNTDILUUTIa0Y (Model Selection) LaonuuudIaasnzauiulym)
uwazdeyanileg ivareislunsideniuuiiaes wu dulinisdnduls, wIetieuszaniiey
UALUIAANE UAZRU 9|

=

nsenluea (Model Training) Iﬁz’j’m;ﬂaﬁﬁa&gt,wa?]ﬂimma Tavlunaazdsunistimes
1 9 WielinadwsildTinuusiugiign

A13UsEAfiu (Model Evaluation) danndnluinaidiaduuda axfeeinnisuszidi
Uszavgnmvadinaa agldteyanaaeu lnedn1sldiuningne q 1wy annuwivg anugnaes
ANAINSENNSIIY wagdu

n15U3UUTs (Model Refinement) winluiaalifiuszdnsamaufiaands adosii
nsusuUlanalasnsUAsuulamnivesuiensidenesdnumsnads
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nsl# (Model Deployment) ndsaniiluinalsunisuseiiuuazuiuuadousos
ué azgnihluldnuluanimuindeunisvhnusis Inelddeyalmidelilumaamsaldnu
Ixasclunsyuenionisindula fodrsvedunaiimuitulunisuiledynlusu
Machine Learning l¢iurl Tuiaanisvwnemstodudooulatvesgnén Tunamshueai
dodlumsveu lumansiunslseiilavesiineg lnansiuensgadegnanlugsia

Production phase: Model Implementation sianeis nsilumadiwmuntusnlda
Tuannuandeuase wisldlunisvhune nsdndula wdemsiidunumuilésuniseenuuy
LAzt Funeuiisatestunisilumadildiuduneunsinuasdsedualday
s3slunisudlatynimierislunisdndulaniagsianienuidesie q fre819w89 Model
Implementation lawn n1svinlutpaneinsalnisesnnateAuvesindnwl, n1siiluwna
fiimutuanldeulussuuosuladifielignéanusalduinislu 9 18 wu luaanisuugi
adupnlusrumeaulal LﬁaLauaﬁuﬁwﬁLﬁulﬂmmmmauiwmqﬂﬁw, AN lULARYINUNY
msiinanudsslunisidudulusuiasinldavlunisdnaulaoydanioufiasnisidy
yosgni uazmsltlunavhuelsavesihelulsmeuaiietislunsidadouagmssnm

nsilaeanisiunenisasiastudiesnldaulussvuimadunsfiazainuas
Uaonstetu n13 Model Implementation Wudumeuddyiidusinandunsihividenuese
waznsUszynaldluealidnfuanimindeunsinuvesgsiaieesdnsiiiingay wav
Usransanlunisudledymilieadas Model Deployment minefs nszuiunsiilanadi
IFiauuagneaeuiiuiosud uildenuluanimuindonsss elvluaaivseansanly
nsudledmvieraslunisdadulamuiidesnis ndnnisues Model Deployment Liunns
ihlaailfuduldmilussuudolusunsuinrgnin iy Tneshagiitumeunsyvinnusd

nsthdluea: Wutureunniluwaildvmulugssuunsounanrlasuiinsiluld
1wy msthlueanneiesreufinnesduiluduiuseuniindusdelusunsuiiasldanu
Tuan MINA oA

MsveaeU: MInedeuAEdssvadiaaluan NI Wieliuulainluea
mauldmununinriuazUszansnw

nsuSuwas: mndanududueivszdeslSunndumalfvunsauivaninuindon
nsviay vieusunisinesveslunaiiofiuyszansam

nsansedeas: \utuneuiiddglunsiluaaluldou mshadedeasszrinadiy
W lunanarfiuildnu Faavdrelitaedodilaforiunisilunauldoulsdu
SRANG

nsdans: Aueuiazdanmsnsihluealuldomiluszezen Welilnaiussansam
waztaneslunisldanu

$79819993 Model Deployment IauAnslunaiiiauiuiieruien1sasas
TuidieasldarusisluszuuimadunisfiazainuazUasadeiu Tnslumaazgniily
Uszendlluneundinduvdogunsaifldmuluiinysysrfuveseludlosiy q sndethadu
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woundiatuhmaeildszuumnimslaglddeyanisasasasasesasiinieanainluea
fiauntu dlslFanmsonusuniadiunddesnedivszaviamuazaonde

Model Management 1funszuiunsiisiufsnmsuimsianisuazqualumadignaing
Fuan wielilaeatiy 1 fussAnsamuasusuusldedieaiiles Inssulunaaeiosgngua
wislranunsaldalusseverlduariivssans amlunmsudlatymeing 4 wenanideuis
n1sdnnisteyaidn-een nsdenlduasvaasulunaln 1Uudu dieg1evesianssy
fieatestunmsdanisluaa Wun nisindunisssd

nsdafiuazuimsianmsteya: tunuTmdeyaiidniudmiunisaiisuazaaey
Tuiea adamsaiegudoyafiinnunsanmuaziinauningaan

nsnaaevuazyiuUgslaiaa: naaeulunaluduazuivusslasiaiouluuas
wsilmeding o ielilunaiiuszdvinmgean

nswWisuiisunaziienldluna: nMsneaeukarilTeuisuusednsamueliing
Arnstuitedenldlunafiiusyansnmanniign

NSARMINLAETATIZING: AT UUSE AT MYelnalusrare1 ARSI ViRATNS
wazUSUUTlAaMUHANTIATIE

msUseyndlinazmssvinalanna: dilunaiivssansamanldanulunsudlatgm
violumsdndula uazusuuslueaiilesimsiwasuuladudeyavioanmnden

Fofumsdamstumafuduneuiiddalunszuaunms Machine Learning viteliluna
fiuszavsnmuazannsathlduseleviliegrafulsednsam

2.1.4 93AUTENBUNENTBY Machine Leaming waluladfifldrulsznoundn 9
Usenausig Artificial Intelligence gniWau1A388ano354 Machine Learning wag Deep
Learning AfAmanansan1sdaygnueuniesing (Machine) lassnasgiuves Al gningae
aftyqyveanywd Aidads mudviens MInawasnITIENTY

AN 2-6 AnNANTSISEUS (Machine Learning)
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21001 §n3nani15i3oud (Machine Leaming) Liuta3eailefidfian a Jagduiile
Ansgit 1l wasmgUuuuvesteya wilsluuuAamdnaneld Machine Leaming Aanisil
poufialmesaINsngNaRY (Train) agsdnlusiAdsanunsavildedrmunan wdordululals
dmFuiuyudagyin uazdalvesiniidaiauainnisiiasiziganoudenisi Machine
Learning aunsasindulalanianisunsnuesainuyediissidnias Machine Learning 14
foyaritedsdaiinlulusaneiiudamnsadrlanuduiusszninedeyaviduazveenls
o Machine Auanmiaidsuiudannsavineyarmvieussnnvesdoyalm

2.1.5 n15i38usiBadn (Deep Leamning) 1uvenduisneufinnasasunuuli
wilaufuiaIeunewaduszaim (The Network of Neuron) Tuanes \Juduidngouas
Machine Learning uazgnizenin Deep Learning unisasalassneussamuuudn (Deep
Neural Network) #1s1 Machine 1444 (Layers) funnsrsfuiiioBouitoyn enudnaves
lutna (Model) LaasmINg1UIU Layer fluntuly Model vas Deep Learning L“fJugULLUU
Tydvasluguuuuves Al Tu Deep Learning n13i3eusi1ulasaveUszam (Neural Network)
Tag Neural Network Huaaninenssuuiianilefisl Layer Soedou q fusginsuuiaziany
wiluglunusnyaznTneNsalvayasig 9

=

NS¥UIUNITUDY Machine Learning @uu@infoIn15a319lushAsuNin1gand1ingauun

q

'
=

W8 Train Model Wusiaslddiauuaussinn Classifier ldnudnuae (Feature) vasingLitan
Uszinnueding Classifier 9gn Train 1ien33393u (Detect) 13Ul : Insenu 130 saeud
= a (Y] & [ P | [y . o < v o A A I
A309du 4 nqllfeUssianvesingiuandisiu Classifier 90ufpeandn ieNazasns
Classifier Yuszuudndudodidoyasiuunialudeyaviduasivualiiindoyausazdu
Judsziamesls danesfintlavihdeyalumizuiuy (Pattern) wiiuusUseinnvestoyaniy
Uszianeng 9 msnseiguuuuilisendt n1siseuiuuuildasu (Supervised Learning) Tu
Supervised Learning Yayad1m3un1sin (Training Data) azdesialuludane3iiunsauiuih

dydnualivevanuadnsliudl 385a13 train danesiiuusznauniy

& P 2 O Ao 2 w . o ° °

Juneui 1 10uduneundnduuin msiiudeya Train Classifier i1A1591WI8 113
denteyatigniesaztu@danesiiunuszauanudnusasedumas Joyadenaiionuiiiie
Train AggniseNin Aadnvae (Feature) luiiagsweaing feature Aofiniya (Pixel) voagy
wiazgUluunIvesdayavaeiiuiay Pixel iundnunu d1gulivunn 28x28 gadeyaasiivuin
784 wan lugunmauansusazguazgnuandunnnesvesnudnune (Feature Vector)

mavidaanwalld (Label) WWun1suenaeuiiumesineslseglugunimiu
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OUTPUT
(LABELED
PHOTOS) —»DOG
7 N v GOTIT
CAT rt
s
B
3 s

AT 2-7 A¥UIUNISLY Training Data

fnuszasdudnazifunsld Training Data iieutsUszsinnvessiinvesing lutumeu
wsnUsznaulusmenisasns Feature Wumén

funoudl 2 madendane3fiuiio Train Model Wile Train a%auds Model fendna ¢
yweiiadasglusunim vdsandu 9814 Model duluvusgunmdy 4 elu dmsy
msthgunwlyal 9 dlug Model fu Machine duagiuneussamvesingiuiegussiny
lnu snsegradu fsuamlmiianuneglneusiaainnis Label 1§ Fauinluldfu Model
fanan dwduayediuuisenemnaeuinsunmduiisoegus machine 1daudiidi
nanvhldnnaauAvueidisoeglugunmduitues

Fupeud 3 nswuIuNNT Deep Learning %gumaumiﬁsuif%mzﬁmm Neural Network
Tng Neural Network tHuanidmenssuuuunisiidl Layer nasagdrsuuiufiansaniisy
maghudgtuiutnesun yadeuadmsu Train avgnaalug Neural Network Tasavidud
avfoyaazdilug Neuron way gnamdaetimin (Weight) nadwsannisanaziinlug Layer
solluaznateiludeyavidives Layer deldiaadie ﬂsvmumiﬁaﬂﬁwsgﬂul,wiav Layer Tu
lnsste lu Layer goviugnisent Layer 11080 (Output Layen) dfusznaytivatuayue
fanAntusisdmiunudumsnnnes (Regression) uazAMILIDY Jureusiasysznmves
NuUUUTEIAN (Classification) Neural Network ui%aamasmmmmmmamLwaﬂiuﬂqqm
Weight ¥94%n Neuron Neural Network fign Train agatfiuiiudaiiled1vos Weight 14
wadwsiilndrualunuduaie sndograu Neural Network fign Train u18usensd
anunsnandinguuguamlFfeauusiugifiganin Neural Network sialu

2.1.6 lasadnguszamiiien (Artificial Neural Network)

TAsatneUszanniiioy (Artificial Neural Network) w3afinazidendu q 11 tadetne
Uszam (Neural Network 1138 ANN) (Monica, 2003) lute3asilelunisasnauuudnasamng
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ARAA1EAS (Mathematical Modeling Tool) Ta8aunuulasiadisuiainszuuuszany
(Nervous System) lngUszanaziidnuwasiduniis UssuianauuukankatuagauIuuuin
1) (Massively Parallel Distributed Processor) @aiiaa1uaiuisalunisifivaiiug
(Knowledge) l#una1nUszaunisal (Experience) uazatunsntiauiinariunldly
Aovdsld edrassmsiuvesaietisUszamluauesyud fMeiaguszasdfiazaing
irsesilefiianuannsalunisisouinisandisuuuy (Pattern Recognition) uaznsaUN1Y
A5 (Knowledge Deduction) iutienfiumnuannsafifluaussaywd uudaiEudues
wedailldnanmsAnudigliiidanin (Bioelectric Network) luanasisusznoussiead
Usgam vise “U158u” (Neurons) kaggausyaiuyusyaimn (Synapses) wiagigadusean
UsznausevanglunisunszuaUszam Sondn “waulasi” (Dendrite) 3y Input waw
Uanelunisdinszuauszamidonin “uonveu” (Axon) Judumileu Output VOUIAF I
wadivaniurinusesu§Azenluinied Wefinsnsedudednineuenviensedud e
Wwadfeiy nszuaUszamazisiuelasniddiandvadaandumfinduindosnseduvad
3u q dendelyl 51ﬂizLLa‘Uﬁzm‘mLLiqwaﬁaLﬂﬁaﬁﬁ%ﬂiséjm%éﬁu 9 fioll NUN LeRTOU
vossiu mulainaiiadorisussamiAnainmadeudessviaeadusramawduaiatig
sty wadaideuldlunsuitymenuiygseivg (Artifical Intelligence) Ao
szuuiiernelsvan ailunanuAnlumaouifiedendstussuuanesasuywd dunou
gosnsiesetieUszain uilddmdunisnensaifidnuae wWudeatuiinisnenseity |
Faazdeserdadeyatouduiioatrauvudrasslunisnennsaideyalusuinn wasi
AuanslunITINNITIATE LIy wezmedaiioad suuudiaes lnsfiaieds
Uszanmagngnemianiiuureansinneiianaalimiigadadumamandniivilidinisii
wadiatinldlunsiuneradoyganigsfa mavinureueiorisuszamidion fo ed
Foyatind (Input) 1i1mndaadetnguszam (Network) it Input w1gufudtiinn
(Weight) yaausiazywafilédain Input 9n q 11989 Neuron agtonsauduudftenmiiioy
fusesunsnszdusmaniildiAnnsmeuauea (Threshold) Aifvuald wasaniiannnnin
Threshold a7 Neuron fagdswadns (Output) eenly wag Output ﬁﬁwgﬂdﬂﬂé’a Input
284 Neuron u 9 Ldeufulu Network §1A11eand1 Threshold AazliiAn Output
(Kumer, 2005) f40 il 2-5 wagnmil 2-6
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Sl
P, » I
‘;“;411’

a=f(W.p,+W,p, +W,ps+,...+ Wy p, +b)

i 2-8 luwawesatneUssamiieuwuuiluwed

a=f(Wp,+Wyp, + W, ps+...+ Wy D)

A9 229 TuwarasevneUszaiisuwuulidlucea

dunng Net Input to the Artificial Neuron

k
i=0
d' =) % a’d‘u [} o‘qll 1
We  a Ao NAaNSNEIluEuRenT UL Uage
Xi Ao dayaridn (Input)
Wi 0] AN (Weight)

n) lasudyanamsliii py, py, ., pn Uudeyaindn
V) AIUNaTINAT Weight Auteyaindfilasuinnmunniuaiduaiuaunig
A) 14 Activation Function m@Naans a luaunisi (2-1)

lasstnedsyamileutioduisnisdiass msinuundesatemywd Mduwad
Uszannieulosiunans o waduavlewadlasudyaalvinedl wadhazgnnszduuazds
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Tyaadluduvaddu 4 laswnedszaniienlddiaesnsvihaumanil lnedlvuandudoya
Wnlnuafanans waglvuaiudoyasen dnwazvedlassineninini 2-7

Number of ) _
Attompts R
Average

Assessment }-- -
Grades

e,
Passes/Faus) Output

Class J Signat

q

Input
Data

e

e

Input Layer Hidden Layer Output Layer

AN 2-10 anwazlassas1elasaieUsyaiew

TassadsvaslassneyUszamiioassnausedurasdoyaidasdiu 3 du Ae duvs
toyatoutn (nput Layer) Fugou (Hidden Layer) LazuHASNS (Output Layer) tnisels
WamlassteUssamiiontuan wavanunsoulsUssnnvedasstneyssamiioununing
Fudouniesnuiuvestoyalututeuld 2 Yssinnie

1. Tasetheuszamidflenduion (Single Layer Neuron Network) fulassng
fidudouiiostuiien Ussneumennnodvesinudsind wasndeaanimin nawmesi

LUSLARINATNS
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Input Layer Hidden Layer Output Layer

AN 2-11 TuwaLAsadngUssan sy duLfen

2. Tnsetheuszamifisnuuunanedu (Multilayer Neuron Network) Wulasstnediidu
gou (Hidden Layer) nilsduniootavgiiunnninildufld wagdrudeyasenaindrunis
AuaniFenditunusuen (Output Layer) Tasstneussamiflenuuumansdu aunsoudly
Jymidanududeuldfininlaseisussamidounuuie aunsavszendldaulumans
AuANg 9 lapgravainany



30

input layer | hidden layers | output layer

lower layer upper layer

2NN 2-12 laealAseuneUsyamieunanstu

nsrUIUMTSeusvadlaTIineUsEa Moy uywdianuauisalun1siseuiaig 9
Puunliilunatednvaznisiseus wu maseuileediaeu n1siseuinnuszaunisalaiu
& v v e = P a S A vy v °
auLed Wusy nadwsannsiseuinaengdnssundsuly anuinlagndiluusenaunis
andulalun1suiasedymnisiig 4 Ainu uywdiuiteddng o Miatusey 9 f lneku
N3EUIUNITVOINTTUAMNS Audvesywdgniaiuliilurnuduaranusaennduunly
Tl dnininenlaf@nwidanisendrvesuysduasnudn uywdiinisSeudiluuuulad
AUFURUS (Non Associative Learning) Wagn1sisgusuuuiaduduius (Associative
Learning) wazA ety wdulseantiidumudissezdu (Short Term Memory: STM)
LaEANT1SE8EE1 (Long Term Memory: LTM) dusulasetneusyanmiiondadunis
d1a0duRNYYY ADINITTIUSIURSIAVLYLE NTEUIUNITTEUIUTBNITHNADY
(Training) vaslasstneUszamiiion Suuneandu 2 ngufe
a Y a2 . . = v a9k A = o
nsseuskuUiinaau (Supervised Learning) n1siseusiuuilinasu A Nsiseus

] Y a

MagnvaiinsaeulasaineUszamieumeyateayadimiunisaeuy endeynvedoyaldn uaz
yavestayasandifoins (Target Output) 13Bngyadeyatuin yan1saeuniug (Training
Pair) FaunfimaiFeustuarliynvesteyanisaeunudsuiuvasyn Tussvistuneuves
maiFoudasionasa (Actual Output) Tu FafeaUisuiounadnsassiunadnsinosnis
FanarnannnsiiTeuifisufearauaiandeu deudiaruianainnduiiiglasedie
Uszamifleadieldlunsuuaveniuiin uaznisinuasiaiafuasiledaufianaind



31

Andutuegluszduilvenivld fregrduneudsidnisdouduuuildun nsiFeuiuoy
WWINI¥AwEaUNaU (Backpropagation Algorithm)

msﬁﬂuiuuulﬁﬁﬁﬁﬂaau (Unsupervised Learning or Self-Organized Learning) Tu
maFeuuuulifdfinaeutuaglifffinaeudfintiitdeudaaaflnaou (Teaching Single)
TitulassngUszam TasdwangvesnsideudvedassdneUssam axduegiunay nsms
\Sgu3 (Learning Strategy) Falgila Embed) Tulasseuszamn 3nsfitenldlunssuiunis
Sewiwuuldiiginasy Fen1slingdisasin (Heuristic Rule) lunsvilliAnnisiseuinnely
Tasaneuszam fheghmilswasnagnsnsiSeuiuuuilidiinasuy Aentsldngdisafnususi
sraminnsidenlssesiiseadou lulassesisandailsidu lunsdinnnedmes
umunmm}amim (FuFoninaudnatsvesilsddugrundmidedal nie Radial-Basis
Function) Aiflses ‘vmLLUU&ﬂawauwammmaﬂmawauamwmimww o Fuianils
sgnénedunisluvigivesteyadnivluianie mmmmmmasmaaﬂamuu

1A79918U2aMABULUULNTNTZA8 0 UNSU (Back-Propagation Artificial Neural
Network) laeSurginlaseinguszanniiniuuwnsnszaedounau (Fausett, 1994) Inagly
¥ln Meson Structure aiidnvaglassredunuy Multilayered Feed-forward Networks
wiaursadaieninedifunsounatedu (Multilayer Perceptron) Lﬁ“flugmwuwﬁwaa
Tnsaneyszamifteudildsuanufounnn dWeswinausadunlduidgmldvanssiu Ju
WUUNSREusiuLilag (Supervised Learning)

Wesidunseunatedunuuiiunds (MLFF: Multilayer Perceptron Feed Forward)
Imﬂa%’mimUﬁalﬂiﬁamiwLwiawmsf[,mwiaz%gugﬂL%amiw‘?ﬁﬁuLLazﬁ’usLuﬁﬂwmwaami
{Aunti (Feed Forward) Tnssdnasananiusznauludedudunn (nput Layer) dunans
(Middle Layer) vidotugou (Hidden Layer) ﬁ?iqawa]ﬁlﬁ%awa%uLLaz%uLawﬁwm (Output layer)
desnmsmualutunaradudnuuzvesnifudunanislu (ntemal Input) wéadsinu
doyarasnuevineniglu (Intemal Output) Feduntuiiinduwlatedudou Fasznou
iﬂé’aa%u%'ueﬁam”a (Input Layer) Fuuanwwa (Output Layer) uazsuuds (Hidden Layer)

Patterson (1996) laesutailasatnelszamfisuiuuuninszaedoundu dn1s
Seuduuuiinsaeu uaziduneunszuiunisvhande dedeyaiudh (nput Data) gnassinu
Udranth (Forward) mudndiudau aneluduus (Hidden Layer) %vﬁ’mﬁwﬁsw%’auﬁa Input
fudn Weight wazdannuiladduulasen (Transfer Function) \ieUszanana Imuammaé’wé
(Output) waz fulmAIAIIAaIAAAeUTIRLATLARTY (Total Error) waqmﬂum 34
Funouvesn1siamdeusiu (Backward) Tnaiduainnnsusuen Weight seMIetuLERnINE
ﬂwuLLqua@mmLa sauﬂaulﬂﬁmmwimamamﬂuuf\] Limumuﬁumﬂﬁmmmlﬂ
Fravti wazdunaeunduinadeaunseiliAinnunataAds TR guimAIAIY
AneLARousan Nuausulddsasnganisuiud Weight fauandlunmil 2-10
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2NN 2-13 5ﬂ‘19m3ﬂ?iﬁﬂﬂ?ﬂ%@ﬁiﬂﬁﬁhﬁ]ﬂi%ﬁ?ﬂLﬁEJSJLUE]%L%UG]SE]uﬁaWEJ%JUﬁE]u

N32UIUNNSINIIUTBY Perceptron atelaluasuansfslunind 2-13 nsunsnszane
foundu Tnensdeundursfouandunadnsndululududoutunsn nsdaailudramdh
(Forward Computation) fuseulunisduanludremi o nrsiadeyaidi (input Data)
deriludramdanudisudu %@ﬁmamwﬁ'ayja Input AUA1 Weight LUa28 ULAYEINIY
Harduudasean (Transfer Function) tievinnisuvaslfifunadnianeluduus (Hidden
Layen) 9ntiudaiwadnsiildannisdiuin (Output) suFsuriisuiudeyassa (Target
Output) waz¥INISAIUINAIAILAAIALAABTITIATIARTY (Total Error) Gauanslilu
aumsneseluil

V=D Wiy +b] (2-2)
Yi= fw) (2-3)
=2 X0 -9 (2.0

J :Zg (2-5)



33

A1 Weight 039Ul r 350u7 | Wenleaandunai i

e Wy o f
Y fo nadwsildannniseuans (Output)
Yy fa Waawsa3s (Target Output)
b, o A Bias Tuil r Shseuil )
n, fie S1uan node Tutuit r
‘ fio duil 1,2, 3,.., L
j fie FmuAAAAARUTIANATINTY
p Aa yatayan 1,2, 3., q

n1sAruIudeundu (Backward Computation) tilenadnsfidrulalddiaqny
aaALeany azduduneulunsiuiadoundu fusuainnisuiuen Weight szinaty
padws Ut uLlstugaving wazdeunduluaudstusudoyaisildlunisusuen weight léud
N13Y1191UVD9 Steepest Descent

2.2 szuumauiamasiadiounyed (Cognitive Computing)

221 szuuesufinmoiiadeunyud Ao waluladiferduauiaiiudile 19u
AeNfilnesMAsuLUUNITINIIUTesaNe Iy ENLUITA19A19 9 SaufanisUszanana
AwsTINTIAMSImilesteyauarnsandiguuuy ieszuudalutinsSoudveiaies
wazweluladansaumanenfinneimdlaazannsaiouidoyani 9 Annazdadulald
wilounywe Tl 1997 Deep Blue Fadunouiiumosves 1BM léle1vuz Garry Kasparov
wrndninngnlan dadugabuduvesnsiinesfiumes annsadaauls Qunudvnngn) 1
Finduud wdmindumaluladids Machine unsuangegnady Tsmenatuiuiomisly
Uszinalnglfin szuu Cognitive computing leeniuusnifieatiuayuamzunndvie
ﬁL%EJ’JG(ﬂﬁyﬁmmﬁa Tud 2007 “Cognitive computing” ‘Vjusuﬁ%a Pepper Iuﬂizmmjﬂuﬁ
ansainlakavneuausseaisunikarauian Jagdu IBM lawmwn IBM Watson Trend
App dmSutindeuds %qﬁmﬁwﬁLLuzﬁﬁdﬂﬁuﬁﬁﬁﬁwﬁqé’aqmsaeﬂumwfﬁaaﬂi S2UT
vihunedendndusinidaduiidougege



34

Cognitive Systems
Features

‘A‘.‘ . > ’ (X KX
=5 = 4 * -9
C C [: e ] . (X XY |
Adaptive Interactive Iterative Stateful Contextual
Adaptive Systems Systems which Iterative process Provides Understand,
which learn as interact with other to solve problems information that is identify, and
information Processors, which are suitable for the extract contextual
changes, and as devices, cloud ambiguous specific elements.
goals and services, as well as application at that
requirements with people. point in time.

evolve.

AT 2-14 UARASNTZUIUNITYINIUYDY Cognitive Computing

Al 2-14 Cognitive Computing fodunuimalunisuszinanadoya Plallaud
Fosvasnstntlygrusefus (Artificiel Intelligence) 88191%u Google Alpha Go 11wl
sty aufisesdusvneu 5 el

1. M3Uszanauaziasziteyarunlng (Big Data & Analytics)

2. Uryyusehvg (Artificiel Intelligence)

3. szuuidilaniwisssuen® nw ides wuulieniusywe (Cognitive Expérience)

a. mﬁmmimmﬁﬁﬁﬁwLﬁ'wﬁm (Cognitive Knowledge)

5. Iﬂi&ﬁ%’mﬁug’lﬂumﬁﬂizmaNa (Computing Infrastructure)

2.2.2 AuaudRdAy 4 Usen13ves Cognitive Computing Usenaunie

2.22.1 Adaptions to the unknown USuiliinAvasdilaid liefusndeu
1§ wu mswddgwises Ambisuity Fadudawilugjves Al fe 1al3 Liudlaindsiufoayls
pndege Walenasznndnguesn fesdiannsosuuanidilaternuty q LUy e
e

2.2.2.2 Interacting with other humans fasansnsadoans Ineuiuuywdld
1y Kunisdonana s Tuedesannsoagudeyaiiulanuddylvayudannsodila
Iolpedreniodusssueif
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2.2.2.3 Under standing the contexte uenanfuilsdsiiuyudyevie Input 141
wlénd Fosaunsndrlavunveadonundniu ldiasduludnvusvosdoning wio
U
2.2.2.4 Reasoning the Best Anser @1u15aldF1nauiialudiaiusie q 1
fesmoviifianerdlldmmeuiigndes uddesdinguaunsessuivhludmeuuuui
2.3 n13AsagYestindnen (Soudent Retentions)

msfdunslunsinwdndnuniiingantilinsed fuantusudigansanwise
nsTUIUMTIANSYBsIMTINEduilonsissannvesinAnuiluanituegwieilosauly
fanldsuusyanlaglieennatsdu msdnwdSeuliuansliduiraniugaudnuilsyay
mnududamainnsliidiedn fildwlddudelfifieanansuftRnuyeaminede
nsdaasunssnwInisasegvestindnwly dusvlevidmiumsusuugslusunsy nangns
91958EARU WagnsatiuayuinuIvINg

ms¥nwiin@nwinazanudifalumsfnunsedugaudnw nsdnw Wudeafeaiy
nizeuiindeegluantiugauAnuiusiafsinazaundngnsnisinw aszwiindindndnu
lpsuselerianmsseuainvaieds sutimstauinueawazaumintilunisiey
LAz videmsiSoudifuniu
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\nclusion

Student ¢

lifecycle for all

approach

Inclusive

Collaboration tachnologies

Flaxitie Embadded
leaming Student

access, retention,
attainment and
Empioyability pmgn”ion

and diversity

Data-anven
praciice

Hsgh

expectations

Peer-ied

leaening
professions

ani 2-15 ﬂia‘ummﬁﬂL"%ﬁ]suamﬁmagfuaqﬁﬂﬁﬂm, Universities UK (2016), p.73,

Working in partnership: enabling social mobility

nagnsndniiienisaseguetindnui (Stephanie Chandra, 2021) llAeBuned il
Fupousisl

1. Anuaandusavesiniseu muuattnangvesumingdenanludusaves
fiou mslidadmneyilidamiudifavdodfiulssansnmldenn nstvusuasions
Anuman T nnslussdugeegistaay sufuninensiaduayuii ssansamly
Asfiusnsinsdnsansinunazeseumundenlituindnwdmsuerdnlueuian e
Anmuanuinntlegliduusimiuuninwassenisnsgeunuuldneu 1Wuisfisen
oudmutnFeulunisgdeiivhdnSouarisiidesiluiud sauisdegda waslisetaun
TniSeuiivhansiaddudnse

2. \iousonazddiusindmsuinsouiidiualnd eenuuunisiidiusiunaen
nszvuMUguilmadagliiniFeuauauduiusiuiiiou fnthvies & mihil aanansd

wazfiunen Wuleniafdlunisifeudinerduuninerdenaznisdnnisiseunisaeu


https://blog.campusgroups.com/?author=59fb736bc830252913e7a72c
https://www.campusgroups.com/product/tracks-checklists/?utm_campaign=Back-To-Campus&utm_medium=blog&utm_source=student_retention_strategies
https://www.campusgroups.com/product/tracks-checklists/?utm_campaign=Back-To-Campus&utm_medium=blog&utm_source=student_retention_strategies
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M9391n19 uazduiauiasduiusfuyaainsluumine1de Whivaivesnissuimne
formuniithiSeudiosiidunis sawdsnsiineusy 3ale uazmsidnsmAanssy

3. Ugnilsmnuduiusiuiiuinu Wvthil uazanzs dhnvivansaulsiyindesinsie
Eihiividerananseiileveniaiomdesuivinmevsonnudesnisynadany G9e19vilv
wmnndanlanfen uidldsunsatuayuuaslviduuzianeiasdus efuinwazdiele
thAnwrihugUassarienssesuiuazdudnssninnatsdu WonserinAnuiulsunsuns
iU nwiduuds wanaansaFoudvinusFiniddguaziinesaumauegislsluns
vemnutiemde Ingldinaluladiiielimuinwmadnnmsvinldiesonsinse [ouseuas
s admuiuiivinw Aanansd wiemihfaduayuiduiu

0. Mdoyaifiofinniu nssunadeyaiieafuiladddyresingouiionadigm
Lﬁuiﬁﬁmummﬂmﬂ@mé’mﬂmimagjsumﬁ'ﬂﬁﬂm Tagvianudilaidndnwiauladl
wunltfuazesnainlsaieuniniian Tiauauladudygranfiou fvuarinisudaiou
SalufAmuiinszdudmainssufiazudslimauissiuaunseguesinGeu uazimun
winn3eUszian iedmusdinuislunsdnvidndnuluunannesunisddiusu
HnTesflodomaifionsivaeunazinnudiFoudifesns

v =

5. Wnsguaumsunsnues Wunguadidglunistissnvdiseu Wessuinfnwnd

a

mudABILd 919138 Wmthil uazaseuasivhausufuiotgliindnuiudsuuUasas
f199 MaRaILuNTUssdusazmaunsnussegseiilaniioszyuasdalitn Soumand
FFunsatfuayuuasuinsiiiutu uniduisiivssansnmannigelunsifiunissn
{3y Annmannsuazaanansdaunsaldnagnslnglinsimssideyansidiusy
diglvidndaliviuviaafiuasdasn dhdsinFeuivszauligmiuiams daus msduvde
GNGH

o w PN

6. fdrusunanuiusiinsdufunases unasendunisludiuiddyigaves

>
= ]

ietnatuayuvesifeu mamuinsdeaseswaiianeifielviunasesiidiusuuas
funsufgafuanuimivesyssraududsd fydeanudiiavesindnw waue
AuuziniefuisnsatuayudiSeuluaninuindeuiaiiousiaasuuunaunaiy uaz
wsthudeyaiisrfunislidusnwsuaunmia nsaeufivay nslidUsnwisivinis
LAz UINITEY 9

7. snumiAvtegaiane msinnuauvesindnuiiussavsaimnniign Ae
mMssvsmanudniulagnsululsed wwudsnsiidusiuvesiseurisliunineds
#5sniugBou amuidnuiisiewesaninn aadesnsfierls deyaidednididnymand
Pelinndunisiaegsmadazunlatdymlaviui

8. HrolsifSoudunulsraunsaififiquauenensou msileudegiseudulenia
TunsfidusunazunumanudugiihuensiosdoudielinisiouiiamAsitenas
isuafeUszaumsaivesiizeulassn ansidomitenaznshifdusmuaungans

UsemsnvilidnAnwndnisen veaseu nssaulvddiusiuluinluiminerdelugiuediu
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dfguonsiumaiiens@nuuazivn BiveadeslunisdagliinFouFouiuazidl
Fngu wigegvindlnaaniu Afen1sdanuiinssanisaliousss

9. Mydamaanaiidangu dmduinfnwiuisau anudesnisluiiviniaulagai
SuRagouretnsauasulugUassadifgsonisidiseuluginiaiund Arsiauenisaan
finnuBangu smeonsieslesgiouiriulenatianunsadidiusiusudeliuugméngns

Tviseasu

2.4 seuuiivnwndanSes (Advisory System)
M30RNLUUTEULTIUIAMNSIa3 s maLIMINTRALN ST UL Tevey Haunauiy

N13WAIUT Advisory System lagidenldinalinmilosdoya iedumiladefimunzaudngu

nslidUInemdrinisandeyaiiugiu feflundedoyandnde srudeyauazszuy

ANSAUNAYBINMING G WEAILUANS 2-16

—==

Advisor Student

interaction interaction
] Data Conﬂgurauon Visualization
L= Management Module
g8 ~ Module (53, x |
B
HTTP/RESET
o P
5 § Recommendation Module
53
< @ Data Fusion Module
®© >
- Q
HTTP/RESET
- Student Data Program Wide Data | | Artificial
S —_ Yy =ty == Intelligence
5 = @ L E =
B i = .
> Student Student ... Curricul
= Enrollment Transcript tlnl'\lc.r:,ll_v Du‘,T,Lu =
Data Data atalog

AH 2-16 uRuaNvhuessruuvInndaasermewmalulagnielygyiienisnses

Yastn@nw (Atalla S, Daradkeh M, Gawanmeh A, Khalil H, Mansoor W,
Miniaoui S, Himeur 2023)
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NNANA 2-16 BUIEnTIILTesEIL Agent Wudwdivivihiitiondeya uas ng
viedadesing o degluszuu untgnszuiunisiFoud ilodumnadndiiielvideyade
AduszuuiediGoudely deusznausie 3 daunnsvihau Téun druniseyunu (inference
Engine) dug1109AA143 (Knowledge Based) war nszutun1siseus (Leamning Engine)

1. dun1seyunu (Inference Engine) daimiiiininu oSu1e wazaguanu dade

'
a1 1

Ndanason19seui Ny vesuduiusvesiazlde uasnaawsnla 9 Agent laseus
sUkvuLiedniuegluguesdnug wiednguuuuiiowananadnsiiuigsey

Y

2. duguesrnmf (Knowledge Based) vinthiidaiivesdaimg fildaindiu
Jansesdnnud uazsunsdaguuutlunsdaiuuds suldud Jedesins 9 fdwasiedizou
npuesediiusvastiadrng 4 auds nsdifiAntuluein 1feldlunslitoyasuine
TunIsTMUNUNNTISEL.

3. N3UIUNITSEuS (Learning Engine) 1udiunisisouilaednludfvessuy
Fepnuuulviiidnuaziduiuiuaiaiaud (Web-based Agent) andedeyaniotiadouarng
vidasuuy Aldnnmsiesginnnszuiunsnounti thummgsalunslimuinwiun
tndnwilagidadeuazngsiudeiuuy ndignssuiunsinseideyageaunnauna
mmmmmmzamaaﬁﬂwmzﬂagmﬁLﬁmﬁu Fateiluiiladdayues Intelligent Agent a3y
foyaannisldnuszuuaznisldnevvesiouliielszuuiFouilasiBnsifiouifes
(Learning by Analogy) N15138U3310#19814 (Learning by Example) Lagn15nAaay
AufgIu LelfAgent ansnsoansaiuaznensaildosnagniedndifesmiuduaiedelu

ssuuiusnundaaiueve Advisory System e szuuildnalulagmeiyausedvs
iiolruuzimsemusnwnliiudld wu nsldduuzdnfsfunisdngulalunisiden
fdendg o nsuAladann ¥IoN19UNUAINTIUAN mméqﬁ;ﬂ%ﬁaamw%ﬁmm
$ioen1s TaeszunianunsalidoyafiieateuasiaiasiionanisiBouiveandos (Machine
Learning) tioasslunaniosanesfiufianunsaldiuuzildegiauiug Tnanisléinaie
A9 9 LY ﬂ']’iLQ’i‘EJuiﬁtlE]\‘im%‘lEN (Machine Leamning) N15Us¥1IaNAN1915551%A (Natural
lagunage processing) vﬁamﬁLfm3ﬁ%a;3aﬁua'mwmwamniu Joau 1dee nw 1Huduy
feesvesszuuiivinudanterlaun: seuuUinwimsnisiiu: BduuztiiAsfunisasmu
N15U3MTIANIINITRIU nIaMTnaununsRuluewanlagiiarsatadedie o wu sgld
Fueey Nsamunsunds azAudsmIen1siu szuuUinwmsnsinmd: Tiduugi
Rerfunsidadelse n1ssnw viensquaguanlaelddeyaninsiauan Usyidnng
$nwn viedoyaniensunnd szuuUinwinisdne: liduuzdifefunisiieunisaen
N1ILEONNANGAT LHUNINITANYY NTBNITINUNUBITNAS 9 LAgfiaTUIHaNTIT8Y
Anuadla wazANuaNNIAvesinSEUnIRNANK



40

¢Z0z ‘elde|-019A9Y [ ‘@aN0D A\ ‘YD-SesIA) rﬁcmc\ﬁwmv@wrcm%

5P

2

‘AWENUSPYUCI BINSUS :
015Wasuo3 Adeaud Buissaippy e |
"SUDIIE IDPISU0D :

[EJI13 JOUOISSNOSI  »

sisAjpue Adedgyy e b
"SI :
SuPwI0gad JO UonBINED . '

symsal jo uonenfeay

‘suonapaid

uo paseq sa|daiens
UONUaAIaIU| JO UONEIYNUSP]
‘squapms

j0 dnosd e 10y suonapaid
UoNUMAI JO UONEIBUAG
“[Bpow &1 jo vonedddy

(URYC) nm?rﬂamw [FRENPCEWI v@:&mﬁwmwrc_,wP\@rﬁcwﬂa@??nwﬂ@:&rvrxwrcv\m_?zj L1-C UMLY

Aoy 3yl

10} SUOsSeal pue sayoeoadde
IBY10 JO UOHEIBPISUDD
yaeodde (/TN JO 8DI0YD .

D T

]
|

“Buisn [@pow syl JO UDNEPIEA

Buiung 1saluesediadAy
“Buiures ppow

‘5188

1591 pue Fuuies Jo uolsing

sainies) |eauodaied jo

SuIpod pUE LOREZIRLUIOU BYET
‘S1BIINO

10 |eAOWAS ‘Buileap eleq .

‘uonesedaid e1eq  »

‘e1ep

aydesBowap pue ‘souepuane
‘wapede Jupagien .

[ uoRUSY3Y JUBPNIS Ul |y pue A Jo uoledljddy ]




41

NN 2-17 @UN500FULEILA 9 el

Data Selection naidenteyatiudsddnlunmsianudiladymnsinuinbou
wazmsialanea ML fifiussansnm nuiisusadoyannuminedefidisunising
Faazvouiadnuvazuazanuviimevesaaugaune dnsdndulefazidendoya
finsounquvateiivesdininAnyieduaududouvesdymniafiuinw Tuiinma
FN3vestiniey Yoyan1sidnny wasdeyaniuasygiawazdenuiarsyrinsmansazgn
sus flesandnmsdanalurssuniintdadesunisinu dwyana uaviasughadan
ansafidvEnadenisinudnFeuld ¢ (27, 28] doyafinrusmduasandesiuszesiin
FtinsAnu Mufanduiindnussiu Gy eiastaudinfnuaundy denanilduden
Tidufinmswasuuvasiiduldlfilonatimly nmssunudidunsiussuunsinns
tinAnw1v09mAng1ds Wuud159a wazuuvasUnNAmeELNINaBIAnnsednd dauvs
Usenaume: Jayanieiving: insatundnges, AnRasTly, USinasumaivnig n1sien
S Fewazvainisiiseuluisaznian1sAny) Toyauseyng: 018 WA WA idanig
Qiimans MuUsMIuATugRLazdIng: SEAUNISANYIYRIEUNATEY A01UEN1TINNTUYDS
Ui Jadenisildiusin: msiidwsulufanssuuenudngasiasnsiufduiusiuaguas
Lﬁ'aurﬂa

24.1 UNUMYRINTETIUINW (Role of Advisor)

MATeMsUeIEIUTne ansadauasgivannisasdulnvejoaiaian
LﬁaLﬁmmsmag}uaaﬁfﬂL%&Juiuizﬁ’uqmﬁﬂm (Jeff Clark, 2016) from Sacramento State
University garadd

1. Close Advisory from the first day “wangulsinansliiiudsnnuddgyvosinEoy
TwifiadefuiivsnulurissunaGsulsnvesnsiBoussnsiolles” enansves Mansfield
University (Pennsylvania, US)

2. Mandatory class attendance for all first year “pamardinudesduniseeuui
wazdnideu” mnwuuzi “Iioaauulsuennddudsutiudmiunndusnuas
vangnsszdua1du 9 senuinBeuinnouaesnaiaegisseiilouiie haundniufy
foyaaansndnewiniviiieAnmuna”

3. First-year experience wﬁﬂummqﬁwuﬁaaﬁqmaammém%‘suﬁamsmmmi
ngu Medadenarsysensminu e Tuiuan MLINGeUNIIBINITNIN

4. Learning Community “wanwwnifiaanuidsslunissenuinazidnisou” wan
wuzih “WfoRmuulevsnisdifuSeutifudmiunndusnuasndnansseiuanadu o
eunBsuivaseuseseanaetsseilouiieliandniinAudoyaaunsodaseniniul
leRnmuna”

[

5. Academic and social support #1U3N®¥191UN153I98V89 Hanover Luug1ALEALY

o

YDINTYLANNSLUTBNINWINIINAN N INTOUN LTI T8 LAe
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6. Examination Timing dnlsutisnnalvaunaitilofnosutyiunisisaouln
uwAnA1991nlsw58uds5eU Mansfield University nd81731 NSNA@0UTUALUA1ITNAZBULS?
Uegasatiuinnudidgedredsdmiunangnstusn

. [ a & Ky 2 ad a vaadad A

7. First-year Excellence nsuasviauludadwaiuwsmduisuiananani
PdulunsfnwszauaaufnyiiieuiuundnsnisateguesinEeu Tuunanusenisii
Shwsremsnd Ay idenUfuRnangn”

ns9nlaseainee1sEnnuvesminedeswdgiiyaan sy Iesil

= =
[ aonNITuf ]
|
[ |

9998N15UR 594998NTUR
gheunng AenanisunAne)
| |
fommmm e A
AMENT5UNITDIRYI0
[ AMUA ] Uinwszauaiinenay
I ' 1
FDIANIUA SOIAURA
deisnis thefianistinfnen
;I ______________________ ADIENTTHNITBINTEN
Yinwsehunans

[ 23RN ]

l UNANED I

MW 218 wandlAsEieesEnUsnyInesiansindny) unine1swdgivaansiy

1NN 2-18 wanenszuIunsvInmlauminendedalviiuinisuusuualy
FUsnw dielviaudismdetnfnuiludiusing q fanieduorsual arwuddin woiingsu
MsiFeu nsfnwse 01 “av Weilunuimislumsusammsianina nszduliiia
amadlanuesuazddu welvidladymuasmmiseeniFesnamnzay @eliinAnuidy
TadinfifeUszasdvommiivends wazdnaun mlulygvesunuiuldegvauysol
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2.5 wideineades

NnMsAnwenansuasuITeiiedestunisaseguastindnu wuin wwaAengud
lnadeogrsunivarsuazihunlfiduinmansnuidoifoafunsasey Ae unAnves
Tinto, 1975 uazlluIAAY89 Bean and Eaton, 2000 (Kampirat, 2013: 31) Tinto LAwWsmuN
sUsUVTaINIsAsagrRsinAnwIRaus Af. 1975 uagldfitnidethuunAnues Tinto Tuviins
Weman19idonuin Uadeidsmaiensasegliun plivdswesindnu nansiFeu msysan
NIMIFITING NSUTUAINIEININNT MIYTAUMTNIEIAN NMSUTURINNSdIns anwasas
a010u AIMUYIBWEENIINITRUNTENUAITANYY AuRnTureld Y AuENTuse
an1Uu Pascarella, 1980; Cabrera, Nora & Castaneda, 1993; Sungsri, 2012 siauntul 2000
Bean and Eaton léamnguuuuiiieshanudilanisaseguosindnu Tnsussandnguj]
N9TNINYT Fip NUN1ITUIAINANTAVINU (Self-Efficacy Theory) nouingAnssunIs
wgytsyy (Coping Behavioral Theory) LLazmwﬁmié’Nmmq (Locus of Control Theory)
Lﬁ'aﬁwmaﬁmamm@?ﬂamasﬂimaﬁaﬁwn wazlaiinIderuuiAnves Bean and Eaton 14U
AWyTWAULWIAAYRY Tinto WU m3%’°uifmmmmimaamuﬁﬁmﬁwai’mdqmaﬁiammﬁgﬂ%
maguigjqﬁqm 599A91AD ANUENHURBLIU MUY Weng, Cheong,&Cheong, 2010 @annnes
NUauITeved Luke I1(20019) wud1 AILUIN1930INeI191ULUIAAYBY Beana ndEaton
MUIEN1IAIRLRAAIINA1LSIVBINANBIADNITTUSAUAINITOVEIRU LAZNGANTINNIS
wWBeyteyy Dehur (20018) Lauﬁ%mmﬁﬁmmﬁ'aamiLﬁaﬂﬁﬂwmsﬁmmzamiugm%’auﬂaﬁ
fwalvg) Seddulsifdnunsddounardaudaudety fudufoandeyadladuiu de
anaunulunsiiaziailun1suszana 39U Particle Swarm Optimized (PSO) 1114y
Neural Network sl#ifieidendnvarmnzasilunguuesszansuazaamnumnzaulag
Hia3edeUsvamifisudiniy Pattern Classification Aafinugnéausiudfiutuuasld
$1uudnune (Feature) owas. Bemal (1997) Lausnisuszendldluinaluiies Time
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Series Forecasting Thought Polynomial Artificial Neural Network and Genetic Algorithm
Fsmsideidunisveasanisvinauves Polynomial Neural Network ﬁ’u%umau%%l,%qﬁuqﬂsm
KA IVAdRURUYATBYaNUI1 NSEUIUNTT Training Data Set LAy 1.363e-4 uasnaan
n13 Testing Data Set llvinfiu 1.359e-4 lagnanis Forecasting lvinalnalfesiuyndoya
#ldlun1snagey Tung Doan Nguyen and Quan Bai (2006) l#@nu1a1uiseluiade
Capability-Aware Trust Evaluation Model in Multi-Agent System wan15338launiaue
Armansauaglunadiiauty Snidlunsiinuresssuy Tihuiumnsdumesdldoy
STUUNNITINAY %ﬂlﬁmammgﬂé’awaﬂmmaﬁ 86% Byoung (2012) laulaueauive
Tuade Fuzzy Polynomial Neural Networks: Hybrid Architectures of Fuzzy Modeling
laen13dn Fuzzy u1dssendldiulasenedszainiien wagvinisidseuiiguivlasadng
USga@ MUl uuLnNINIZugauUnNau Nan1539ununa1 Tassnedszamivionliiainiig
Aaadeuladsidsaedlunsmaaeuyadoyaaiaiiiy 0.497 uazlasswieuszamiiio
sy Fuzzy danueraiaindeuedsideasslunismaasuiuyadeyaminiu
0.000493 wansliftuilasaneUszamifiey liaanuadeuiitosndy

Charith Perera (2014) laiaussnuiduluiate Context Aware Computing for The
Internet of Thing lagsuidelalUseuliisu Algorithm Hevumde 1. Supervised Learning
(Artificial neural network) 2. Unsupervised Learning Clustering, k-Nearest Neighbour 3.
Rules 4. Fuzzy Logic 5. Ontology base 6. Probabilistic logic Tngldvinnisneufuiaded
Aeados 26 Yoyallady nan1539umuIN Supervised Leamning (Artificial neural network)
Tinadnsnsvhauiffigadlefieudu Algorithm du

Sou: Analysis of factors potentially associated with nursing students” academic
outcomes unaAutiiaue : Jadeifuitestunadndmadnnisveninfnwimeiuia lng
T¥doyausyiAnisAnuivesiniFounoudrdney udeyaiiAvdounds 13 U lagnui
Fn@nwrfianunainranenisaiviiiouneudiunseuneiuia wellawasisnsild
N5¥UIUN15 Multiple regression waz Neural Network Han1538anuintn@nwimneand
SEUIVINTTUTIUTTEUANWINOUAUAIVINGIANERT Lazdl SeAuAzLuLge UUaBn1ALAY
80 mLLuuﬁammuzmqmmﬁﬁL%mﬁﬁﬂwmfmﬁqm yonanEamuindasdlunudie
MAPINTIUNTHEANY AN E T UUENTUN EUN NIV Y IR fnasodnsmafiudunie
aﬂawaaéﬂwﬁﬁﬁmuwwmqsumwiuiﬁwmma Keywords ELigu Lancia, L., Caponnetto,
V., Dante, A.,, Mattei, A, La Cerra, C., Cifone, M.G., Petrucci, C.Analysis Italian nursing
students academic 2,278 people (2004-2017)
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YRINITYUAINNTNYNNTLAURIUAINTIUUDNVIDAUTEY UaTNANITIIEUIVMNUTIAUYIE 1Y)
TutusnidedrAgyAsutraninlun1sinuienanisissulaesiuuetnisou 91uulndne)
FamadisudnSeulvinadnsfivanvats useradunumsdmiuaninendelunisuniu
ulguiemaivinisuarlassaiinisfuidifeuiieifivaaunmyesinAnwinasdeidea
yosuvine1ds [1] IWuuudrassnsanaeaidaduiiiodnumiuduiusszninstadeiiaus
Aunanisiseuvesindnw audnyarvesdadelasunisiasanweniy wagnuimanseny
VBUWINWEAMUIYNINNY AzhuuTIEIVIIUmAlUlagarsaumeasionaniIsisoulagsINYas
Fndeuduiediinaulaiiavdrsie msfnudamuidTananisdeuiiseuwslugudy q
flaue wamsitetlifuiuminedemssuiunsesamngaudetnAnwiidamnings
fu 19y auefanssutindnuiiliduaduaussournisiiou wasuiulsssuumsiudn e
p1afinideifufiensavaouudyudu 4 feraintudsdmadonadnsnisdoudves
tniFeu (23] msdnwiinmaseuanuduiussenissiuutn SeutomedsudiAnw i
wan1sduvesiniFeu TnewuianudiiusidadudainsgrinsaudnEouiifudiiou
vUssantuiniaeds Aslenaedunegldfedeifanieiiinindnuiagiunasedinda
unTinendeanniy emndeidssesmine deidiaunesaeniun dualiiindnuni
fauannsadiuiunnduamedeuiiunine de (4] naniadeulundngaanaluad
arsauma nuindutedefisianudululddeudragslunisaanisainnuduionsdsns
TnormvesiniFeu nsAnwiidugfannuddyresnisasuaisinue madoulusunsy
vostiniou Fsannsosidumsldlutudeuinnissunsuronfiees 1 Tadsulusnes
nsfne [5]

Tnwagunsiteluszuuiiuinwidaaiesinasiinisduiunsnugagiaidng q a1y
anufnivesmaluladuazainudesnislursnisine lasanunsoasulddsinoudy
(Initial Stage) Tugaeira1inisidednitiunisdrsrswasnisaneianuduldldvenis
Uszndlimeluladiiedestussuuiivinunsaaier mavhanlutsdornesdumsding
Anaululavesnisladearu Machine Learning, Natural Language Processing, %39 Deep
Learning siowmuilunanisusundinduiiaunsalimusnulussuuiivinudandesls
AsWAILLAYANINAGEU (Development and Testing) thsilifiutunauiivziiniswauluna
vioszuulml 9 uasnmadeuALIINEANYRITE UL T Ui s INAde U TeyATTe
vionsdrans myideludasiiindnsuusuasnisy Suussinnamunanisnaaesio Vil

Usgansamuiniian nsusuusawazn1siauisely (lterative Development) N1533eTu

(%
I 12

sypziyjatunsimuinagnisiviedesenszuuiiuinudanies Tnvenaiinisiiia
auanasaviiensUulslmaadiolfanunsovineuldit uauenudesmuagdetmun
vosfldanu n1sUszifiunagnisthlule (Evaluation and Deployment) ludumeugnyined
FunsvegeumuainsauasUssansamusssr it uase 9 lasnsinlulranuass
Tuanunisaiad wazvszidunadnsildainnisldiussuy euszansnmueanisiaud
fiflan
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NUILTN STUUNUSNwIdasurmemalulagnisdygienisasegvetindng
szAugaNAny TTnguszasAnsidessil (1) welinngidadenldnensalnisnsegues

N

=2 [ = = o v ¢ o= LY a v IS
nAnwszAvgaufny (2) iieimunfmuuuneInsalszuunuinwmdaaiegmemalulagnig
Ugyiiienismsegvestind@nwiseAugaudne (3) ileesnuuuanidnenssuszuuiivinm

asersramalulagnelygiiienisasegdvasindnwiseauaaudng (4) Wiewmuissuy

a

nUinwdaasezmumalulagniatyyn Lﬁamimaémaqﬂnﬁnwwazﬁuqmmﬁﬂm (5) 1ile
ﬁmgnmaﬂ’]ﬂﬁi’fmuszuuﬁﬁﬂmé’aa‘%azﬁwLﬂnﬂiu‘[aﬁmw‘fjzyﬁgﬂl,ﬁamimagjmaqﬁfﬂﬁﬂm
sedugaudne sAtedidunmsinsesiteya diauenavesnsvhinemansdoyaluia
#1199 VunaNngenTrUILMsInuresmsimleseyatunsimuinssuiunsiteuiiy
seiugeuAnulnenesanddsing o 1wy feyavestindnu doyaveserarsdiuinum ileads
"iswﬁﬂ%’ﬂmé’aa%asé’wmﬂiuiaﬁmaﬂﬁyapLﬁaﬂﬁmag}'mmﬁfﬂﬁﬂmazﬁuqmuﬁﬂm" Tned
WvingndnAen1syYTaINITNIITINIshazdiay nseulesseninatinAnwiduenansd
AU FIIANURATUARERITUNSANY uaﬂmﬂﬁﬁﬂLﬂumi%'uﬁmmmmmﬁummmad
wazwgAnssulun @y vty Lﬁaslsi’féﬁayuamm‘ﬁurﬁuaﬁuaguiumiﬁﬂﬁuiwaqﬁﬂﬁmzn
dietaeliganudusalumsane

funeulumsiuiiunuvessddeil Sudunmslddoyatindnunfifstaindne
TEUIN 61 - 64 VDU INGIRYTWAY RYaans M Ineilveyaiieg1adiuiu 2,973 fMeg
diernuduneureanszurunmeinermansdoya tneldmmnisaimariiduseguiio
AATIZY LLamJizmamaﬁﬁaagaiwﬁy’umausm 9 90IN15VINNUITE Tneealdivalulagnienig
vimilesdoyauaznisiSoudveaaios (Machine Learning) tteaslunsiinszvinaznsg
dnaulalunisvhauidelfesnaiiussdvsnmiduneunsheuduntudullaunsedtsduan
6 Tumeu Ao 1. Junsun1sTIuTINTeya (Get Data) 2. N13d1599901a (Explore Data)
3. NM3E3NLUUIIa0UNA (Model Data) 4. n1suauanaans (Visualize Results) 5. 113
naaouldaru (Simulate Results) 6. n151U1lUT¥a59lugsAa (Use Results in Business)
MRINHUNTEUININEIMERIToYS a11150a319uUUTIa09n15v e (Prediction model)
dieldlunswennsalaauzamiinAnuluemaaldesediuszdnsnm

MWL sEUUUIAwSaaiesiemaluladnisdyyfionisaseguasindne
seaugaudnw 1un153dauazimun (Research and Development) wiUs35n15aLHUNNT
Weoeandu 5 szur muingUszaadn1sivy il
spogdl 1 menseitadeilineinsalnsnsetuetin@nuszdugaudn
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A L7 Y ¢ P (% a 2/ IS
sruedl 2 MsiRmMuuuneInTaissuuivInwdaasezmemnalulagnisdygn
\ilanTsAdegvestinAnwsyiugaudnw
= N v a 1% =
sreedl 3 AseenuuvanilnenssuszuunuInwdaasezmemnalulagnislynn
\iannsAdegvetinAnwmsyiugauAnwm
= Y e v a % = = '
seuehl 4 n1siawlszuunUInwisaatevmemalulagnislyg ienisnsegves

UnAnwszsugaudnm

a

sepe 5 MsfinwmansldnussuunUinwdansesaemalulagmelaa Wensasee

= U =

%@ﬂﬁﬂﬂﬂiﬂ’ﬁ%ﬂUQﬂmﬂﬂU"l

3.1 szasil 1 memssitedeildneinsainisasegvasinAnunsziugaudnen
3.1.1 Yauszasdnside szevdl 1
3.1.1.1 AnwiuuiAn wdnnsiinTzinagoenkuussuuivInudaaiosdie
LwﬂiuiagmaﬂﬁyzmLﬁaﬂwsmag}umﬁﬂﬁﬂmazﬁ’uqmﬁﬂm
3112 dielnsgitadofidsnanasioUssavdnisrsegesindnwsziugaudnm
3.1.1.3 Wehangithdunvunswensalszuuiivinudaaiosdaomalulad
ma‘ﬂcyqpLﬁamsmagmaaﬁﬂﬁmgﬁzﬁuqmuﬁﬂm
3.1.2 YoulanTide sposd 1
3.1.2.1 myinsenditunisasegvestindny satindnw 61 - 64
3.1.2.2 Uszvng Wun dnfinwiniaund amninendesedgiiyaaeasiy Ay
Anwilutn1sinw 2561-2564 Useneulusigyateya 2,972 fioes
31221 ngudmang laun dnAnwiniaund uninerdesdgiya
asnsu iAnwludnsfnw 2561-2564 Usenauluseynteya 2,972 A
3.1.2.3 mylenwidadedadouuumnennsalssuuivinunsaaiesmemalulad
ma‘ﬂqgapLﬁamsmagjﬁuaqﬁfﬂﬁﬂmizéﬁ"uQmﬁﬂmmaaﬁfﬂﬁﬂmizﬁuﬂ%mapﬁ
3.1.2.3.1 Usgyns loun dn@nwiniaund umine1qesvsigiyaaeasiy
\idnwnlutinsfne 2561-2564 fidnsansdnwdiuu 2,379 au
3.1.2.3.2 nquadegie laun dndnwianeingin1sInnis un1ingdy
swAgfiyaasasty MdrAnwlulnisfinu 2561-2564 FsaunsAnuiuds $1uru 150 Au
1p91n38NsLaonNaNAIBE 19w ULLIZA9 (Purposive Sampling)
3.1.3 Bnsaniunsidoszesd 1
3.1.3.1 AnwLuifAn ndNNMTIATIALARRNLULTLUUNEINTIsEUUTIUnW
é’aa%azéhaLwﬂiuiagmqﬂzggyﬂLi’?‘\iamimagmaqﬁﬂﬁﬂwﬁzﬁuqmﬁﬂm
NsANYY AN wazduasentadenisiseus dideladniunisfinu Jnsen dunsieg
21MLONANT UNAMNATING 91 avunaridersluussmenazanssemaiiiendos
Tnguansoazlunfnsnei 3-1
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M1319% 3-1 wanansduaTentadeninanenisinyinisasegvesindnyily

anUugaufn
3 & S s = =
S5 s 8|2
o I 3 — © @ N o
> = N = 9 > S S
Variable/Factor z Z o 5 5 % = 3
2 < 5 S & > g S
5 = ol v 5 = E .
IR IR AR R
< | 5 T - = O I
< 5 = = © 2 < &
Age v v | v v | Vv
Gender vV vV vV | vV |V v |V
Education Goal vV v I vV |V |V |V
High School Grade A 2 A A B B VA
Academic Performance v v v | vV |V
Grade Point Average v v v v v v v v
(GPA)
Math v | Vv v | v
Major Selection VA 2 A VA VA VA BV Ve
First-year Grade Average VA A VA VA VA VA
Social Support System v 4 v v v v v v
Hours of Employment v v | v
Finances v | v v | vV | vV | Vv |V

MTFUATIEMBNE591UITY (Research Synthesis Table) uandlydiutistladedna

a Aa =

nsgnuielseansnisfinen msasegvesindnuluanidunis@nw Usenaume o1g e
Whmne s nsasfseudnuineutans nan13i3eu tnsaiads (GPA) msideniviien
wansFouinadamans $aluanisviauueniian Yadomsdany wazinsadedusn
Feanunsalideyaideasy Wunumadilddmiunisimseitdadoildannuidonas
senslugluuumsafiemsdieneiuazagudoyalidlaldietu mmeduamzionans
meﬁlﬁl,ﬁuﬁﬁaadaﬁiﬁmﬂmsﬁwmaﬁﬂmmu%’a Fo50q, HvY, VAR, Toguszasrves
MUY, WNINAADY, NANTINY, waraTUHaNITITY AIULENE1581984
wonanidetglummssiuunlduuazasaunafidfyanaiseitelvauise

uUszendlglunuideveswmuedle
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M131991 3-2 UaAIN1IHUATIENSANEITUNTLUIUNIINITTEUTVBAUATES (Machine Leaming)

PlElun15a519kUUIIa8INSAIANITA

= v | g )
[ee] Na) N e
i =18 |3 | 3
- & N -z N
31 8| = s|e |8 |8
b E \(\/‘ — > ()] @ - s
S c - c o o © 3 =
o = 2 ‘© D N o o S
Cognitive Technol 5| 51 F 2= | ¥ 8§
ognitive Technology < < 3 g s f g S
@ = T T £ < f= =
Process S < | B | g g | 8§ | & & 2
- o 3] < = Q g s ©
3 S 8 2 u N © © —
g . & £ c a) z S
R % 2 8 8 o N o &
S s | 8| 2| E | = £ | Q
< < & c = < 9 c &
0 ° © I i I o _fCU E
S g £ 2 > = c e N
= £ o 5 S 9 o9 2 =
(@) < % = < 2 9 & Y9 & |
Big Data vV IV |V VIV IV |V
Machine Learning Method VIivVIiVv Vv |V v IV |V
Decision Making v v |V v | v |V
Artificial Neural Network v v IV IV IV |V |V

[y

NANT197 3-2 eButeMsdueTwilenasiansasrySaneIsuiviuasiy uavamnse
THiloaramumanuuudrassnmsaanisalszuudogansiduinwdnGeu Taensdaases
lnasiaznsAniaNuiferiuineimanidoya amnsailuesnuuunsounuafn
mﬁ{]’aLﬁaaamwmzwﬁﬂ?amé’m’%wG’hEJLwﬂiuiaﬁma{jﬁgqpLﬁ'amﬁmagmaqﬁﬂﬁﬂm
JLAURANANW

3.1.3.1 n15iasegidadedadouuunisneinsalssuuivinudaades
ﬁaamﬂiuiagmqﬂﬁyﬁmLﬁamsmagjﬁuaaﬁﬂﬁﬂmwﬁuqmﬁﬂwwaaﬂﬂﬁﬂwﬁzﬁw%agmm?
mylasenidadems fideladuiunmsliesgidadenisasegvesindny nMsinseideys
PnenasiieIdos
msimszitadedadouuunisnensalssuuiivinunsaaieedemaluladnlaya
iiensaseguostindnumsysugaudnwvestindnu nMsieiildthnssurunisiannludis
(Education Data Mining) w3emsvinnilesdeyadadunisiinneiteyangrudoyasuia
Tugiielimsuanuduiusveatoya suluumnuduiusvesteyaaunsalulivselon
Tunsmawsunsindule nsnennsel wunltidsiiasietulueunandd (8]
Data Selections : nsidendeyaiiudsddgluniadledymnsasmesindnw uaznis
fimunlunafiiiuszansnm unusmdeyainuminends uwavirdeyauinsinu iden
foyaiinsounquiiinatsgunuuvesindnu Weafnundsidudeuiiemiymnisaieen
yesiin@nw iensrseguostind@nwldegisuyinss sudensifununudeyaiisadiuna



53

nsiFeuvesindny deyanisitnsimeu wasdoyainsugiadeny annniideniAudoya
waniife mnelddunadiuannsmummssansiudadonansfin siusniseseuns
ansniinadenisasegvasindny lngldesduseneuyadeyatindnw : siatinfinw 61-64
uAInendesvipfiyaasasu ngusegnaszneuluseyadeya 2,973 feg Lilesnriu
fupeuvasnssurunamdnereanidega

30

60

69 E-754
= Coum(Duscumon) 42

Frequency

40

0 lI.

Discussion

Ld
o

¥ Discussion
] (% ] v = = 4 LY a o av o gj a
AN 3-1 ﬂﬁ]ﬁ]ﬂﬁ?ﬂﬂﬂﬂﬁﬂl@ﬂﬂﬂﬂﬂ‘lﬂLﬂEJ’J‘UENﬂ‘Uﬂ’]ilJUJ;]alIWUSﬂLN‘UULiEJu

nsnseudeyalaeiiliuvinisvieueendu 3 duneu lud n1sidendeya (Data
Sélection) MsvinAuAze1AYeaya (Data Cleansing) Uarn1sulastiaya (Data Transformation)
1 a o 4’5 1 gj Y o & ¥ = ¥ . dy ¥ 1
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Factor Missing value
GPA 15.00
Previous Major_encoded 117.00
Major_encoded 692.00
Year_encoded 0.00
Father Job_encoded 8.00
Siblings studying 0.00
Siblings 0.00
Mother Job_encoded 15.00
Status Mother-Father_encoded 0.00
Std Job_encoded 0.00
Scholarship_encoded 0.00
Parent Salary_encoded 0.00
Father Salary encoded 0.00
Mother Salary _encoded 11.00
Course_encoded 0.00
Sex_encoded 0.00
Std Salary_encoded 0.00
educational background encoded 0.00
Father Status_encoded 0.00
Program_encoded 0.00
Mother Status_encoded 0.00
Faculty encoded 0.00
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Factor Missing value
GPA 0.00
Previous Major_encoded 0.00
Major_encoded 0.00
Year_encoded 0.00
Father Job_encoded 0.00
Siblings studying 0.00
Siblings 0.00
Mother Job encoded 0.00
Status Mother-Father_encoded 0.00
Std Job_encoded 0.00
Scholarship_encoded 0.00
Parent Salary encoded 0.00
Father Salary _encoded 0.00
Mother Salary encoded 0.00
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A1519% 3-4 (si0)

Factor Missing value
Course_encoded 0.00
Sex_encoded 0.00
Std Salary_encoded 0.00
educational background encoded 0.00
Father Status_encoded 0.00
Program_encoded 0.00
Mother Status_encoded 0.00
Faculty encoded 0.00
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mean 2.571813 0.300034 0.328961
std 1126566 0.458349 0.491611
min 1000000 0.000000 0.,000000

25% 2.000000 0.000000 0.000000

50% 3.000000 0.000000 0.000000

75% 4.000000 1000000 1.000000
max 4,000000 1.000000 2.000000
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6.000000

dl 1 aa a s 1 Y U ¥
AT 3-10 MNKARIANINERR wagnsilweivilasunisuiuusteya

2573.000000
1.838211
0.968060
1.000000
1.000000
1.000000
3.000000
3.000000

NATanIAmNadantdlunsesuievseasuteyailosiuluyadeoya Yaeluns
Wiladnuaizvestayalagsid Mean (ade): Aladevesyadeoya Standard Deviation (d3u
Weauuunsgny): AUiUeniien1snszaneiivedteyanie 9 3naade dAuinduile



63
Tayanszatgmunkaretesatiletayansatenitey Range (¥19v0eU8YA): AIUAIN
FENIAIGIgALazARantuyadaya Percentiles (Wosldulvd): Afiwusynadayaidudu

9 9

I ' & a1 Y 1 | I | I ¢ @ cal o
IBYALAN 9 GZNSJW]UEJEJH'J'WWE)WI'mUﬂ'W]@QIULiJ@iL%UIVIﬁVIﬂ']‘WUﬂ

Box Plot of Year Box Plot of Sex

A0 4

354

30 4

254

Yoar

20 1

15

104

Yoar Sex

Box Plot of Scholarship Box Plot of Siblings
200 - gl o
175 8
150 4 7 o
2 135 4 _.8
§ 10 g, o
&
ars 4 44 o
50 + 3 S E—
075 21 |
oo, | I
S(ho(:‘ﬂl‘w W‘ﬂ‘b
Box Plot of Siblings studying Box Plot of educational background
6+ ] 300
o 275 4
g 250
£ 41 ?& 225
g ]
w3 £ 200
g - % L75
o g 150
1.25 4
0 100

Siblings studying soucations! background

a ! aa a sa vo (% v
AN 3-11 AWLEAIAININENE LLﬁ%‘W'ﬁ'WlILG]E)TVlbLﬂﬁUﬂ'ﬁ‘UiUUEQ"U@%a

AMNKAAS Box Plot WAAINIINTEINEVRITRYA Yntayaluuasy n1snsenevestaya
fifeadeatuAinatsuazmsnszaevesieya msnszaneiivesdeyauuuaseUngy

n1suUasdeya (Data Transformation) N13¥11A1Uaz@1AY8Y A (Data Cleansing)
iesnmsthdeyaunanuvasieyadueisazianuianainluninifeyasenin Teya
Toyan1vvzgmelunisuiaoyaiivsslevinaisdsems wazdamayiilinsinseideya



64

)=

mmmmmaqmmwu “UE]G]‘U@Qﬂ'ﬁV]’]ﬂWiLLUaQ"UE]QJﬁ mﬂmauawmu ﬂ?iLLUﬁﬂ“UE]lIﬁI‘VTE]EJI‘U
iﬂLL‘U‘U‘VILﬁiﬂ’]uﬁmﬂﬂﬁﬂmﬂ’w\l‘ﬂ@uaﬁﬂmu ?1\‘1NaiﬁﬂiuﬁWﬁﬂ’]Wﬂ’]iLiﬁJUSTB\‘iLﬂi@ﬂﬁ\i‘ﬂu

&

mmaammu LLﬁzu‘Vl’ﬂ,‘Viﬂ’]iLLU@N@ﬂ'ﬁLiEJ‘L!ilYN’]EJ‘UU

[

= 2] sortAtoz
saqumwaaviindasaal “| Z | sortzoa
masngLtiau
uasnyLiau Sort by Color >
masngtiau
masngtiau
maammi: g —
masngitiau I
masngLtiau
masngLtiau
wasnwdau Text Filters >
urasnELiau -
uasntiiau Search
urasnELiau
aanausyLiiay “[v] (Select All)
wragnELdau -] saengidau
wasngLtiiau v sdunéasia
uavngiiau - "simenzidau
uavngiiau v shatuna
u-'aGmngE”u -[v] gralddneeafndu
maammﬂ;l U ¥ sgsn
wasnyLtiiau
wasnyLiiau ““lanaan B
yRINEATiau -[v] 1Fansdnen

AH 3-12 2nlanaAn Class Mavunvestays

91nA MUY Class distribution anefia MsuansmLivion1snszaremvestoya
Tuusiazranavidenguuesieyaluyadeya Felsuenisdnnudeyaiiegluusazaaia viengs
FoinalaFesnsiuunyszinnmienisviunedeya nsmsiu Class distribution az4els
sudilaiaenuaugavesdeyaluusasngunaziludoyadidglunisiesziuaznisdnduls
#11 Machine Learning

Tun13ad1auuUIIasIne@da n153nszinIsanaeedugnueInszuIunNITNNEan
dmiunisussunaauduiussendneiiwdsniy (FniSendnfuds wadns' nie
‘manouauss viie Ty’ luduumaisoudveanies) uasiuusdassvilavdenanedn
@nSendn 'Fviung’, FuUsan’, duusesung' vie 'Aaaudi) JULUUNITIATIERNIg



65

anneedildfuinlufianfenisannesdadu TngasAuniidunss (M3eynanandaLdy
fidudounin) fmnziutoyamniiganuinasinisadinmansians fegagy FBnnsinds
asstlesfignuuusssumazuwinduan (Mislaiedinay) §99zannasInveIAIm
unnensindsaessenindoyaristudutiu iolewesinaw) Wivdetosiian domana
msadamansfianizazas (gnisannosifadu) Faddieligitearunsoussuiae
anuaaviauuiiteuly (eAadoUszuing) vesiauusimiilofuUsdasyuyanni
fsun JULUUNsannesiildtuialutesninldduneuiinandafuidndeslunsuszana
Amnsfimesiunimiaden (1Wu nsaanesidemsulndnionsiinsgiteulvfiduiy
1) vieuszanaaauaisnuvuiideulilumsnunuuuieesdldltdaduiinieiu
(9w nMsanneekuuliBaniives)

Msiszsinsanaseldifietnguszasdiunnsefludsuunandundn Usznisusn
mMsiszsinsanassgninnldiusgraunsvanslumsituneuazasneinsal Fannslday
finsiudoutuegrunnivaivininiouivenaies Usenisiiass luunisaniunisel
MiAsEEnsanesainsaliiieeyinuanuduiusiBeamgsenineiulsdasuay s
wlsnu fddny nsanneefefiuesarliamemuduiudseninmilusmuiazyaves
fuvsdastlugadoyansiivindu uindeanislénisanneslunisyiuieniesyuiu
ANUFUNUSLTIAR a1y TniTeavdesliivenastesounauinmglannudunus
Afegdaisnunalunisvinedmivuiunlu viewmnlaanuduiussenineiulsansdn
Fefinmsferundsain egrmdsdiermdfyesndadetiniteniinsUssifiuanuduius
Weanvnlagld

dun13 Multivariate linear regression

Y=PBo +B1x1 +B2x2+.+PBnxn+€



66

10

9 4 : 2
# Data points *

g8 1 Linear regression -

a ' . o o & i Y
AN 3-13 ANansAn Correlation NMIASIVABUAMUAUNUTTEMINALUST

Matrix (Mathematics) lun3ndgnldifieuansunuidaidutazoyginnisaiuim
fvmaulufivadadadu dufu msfnwnuninddadududdyvosiivadndadu way
Auaudiwaznsaiunsdilngvesivadinfudufauusssuaunsananssanulugy
yoayEndle fogharu msguuminduansisasduseneuvesunuiliady

1 2 e n
[ a; a2 ... Qg
2las  ax ... aoy
dlaz  azp ... @Az
m _(1-,-”1 Qyp2 - - a.rr-n_

a ' . v o ¢ ! v
AN 3-14 nLaEnaAl Correlation N1IATINFDUANUANNUTTERINNRILUT

Matrix (Mathematics) Wy3nduu1n m x n: wad m aglukuiueu wagreaut n ogly
LUING LHALDIAUTLNBUYDIUNSNTIUNLEANINILAILUSNIURBUEDIFI AID81WYU a2,1
WNUBIAUTENDUNWOINEDILALADALULSNYDIUNSND



67

4:' 1 . [ U (3 1 %
AN 3-15 AnwangA Correlation N15ATIVADUANUAUNUTIETAINAILUT

NN kaAsA1 Correlation data N13ATIVABUANNFURUT TS Artoyalu
yateya e iarnuduiusindiuunliufsasuulamieutunioli Adildannsdnna
Correlation 9zagluyie5ening -1 84 1: A1 Correlation UIN (+1) Lang MU LSTLD
vanegauysaissvieiuds wevndninfistuludivesudmils evesudsEngas
fiuunTiufindusae a1 Corelation au (-1) uansfanuduiusiBaavogisanysal
syednls wsewninsiiudulusvesiaudsuis Awesiaudssndaf asduwaliuana
¢ A1 Correlation 1W1lng 0 wansdsruduiusfiseunseluimnuduiusiusswinaiands
wans lumshnszsinunlidy msviung wensdonsulsiiinasdenadnsfideanisldaeis
flUszanEan uansmadnsvasaseidmanoUszdnsnmn1sSeusinn J591naun1snIsu

(% v 6

Anuduiusvesdadenensalanunsaaguadmdnlanunis



68

AT 316 ATNLARS lIndependent variable

NN LansupaafafiwUsael Inemluilsnduazuannvimeunn uusuilands

Al sdase Lazinudsinanafsiulany Tuilendull v Aednliniunay x AoAanlsdasy
. . . < aaad & 1 L)

#un15 Multiple Linear Regression tJuaunisnisananldlunisweinsalaiveasinusniu

(Dependent Variable) 310 uU59@5¥na18@2 (Independent Variables) Ing a5

AMUFLTUSTEMIAILUTALLazAILU TR AT NaNasolu aunslinagltlunsieszias

Muwtenalumate 9 91U 1wy N191uIe31A1903UUlaelEaIL U Y WUAUIUIY 911U

'
a

WOIUDU UazAIBIUILAMNATAINDU 9| WIoNITYIUIENaNdnURsNtlalRLUsIoY USunu
Wy gl wazdenlelunisidesity aunis Multiple Linear Regression

A:i o v s o 1 U 1 [ 1
191991 3-5 LLﬁﬂ\iﬂ'ﬂ']llﬂllWUﬁV]ﬂiﬁ%ﬁ'ﬂﬂ{ﬂ')LLUﬁG]E]{jQ?]EJﬂ'ﬁﬂQE]Q

Factor Weight value
GPA 17.20
Previous Major_encoded 11.21
Major_encoded 6.71
Year_encoded 6.52
Father Job_encoded 5.49
Siblings studying 5.06
Siblings 4.87




69

A1519% 3-5 (¢10)

Factor Weight value
Mother Job encoded a.74
Status Mother-Father encoded 4.67
Std Job_encoded 4.64
Scholarship _encoded 4.20
Parent Salary _encoded 4.20
Father Salary encoded 3.74
Mother Salary encoded 3.74
Course_encoded 2.64
Sex_encoded 2.58
Std Salary_encoded 2.54
educational background encoded 1.69
Father Status encoded 1.36
Program_encoded 1.19
Mother Status_encoded 1.00
Faculty encoded 0.00

MNANTNUANINITIATIELUITTL Nviune viensidendudsiidnadonadns
Afosnnsldegnaiiusravsnmuansuadwsvestiadoiidsnasieuszavsninnsbou
3.2 seegdl 2 MawauIdLUUNeInsalszuuivInudaaiezdasmaluladniedyan
ilon1sAsagvastindnyssAUgaNAne

NANNITVINNIUVDY Machine Learning hag Artificial Intelligence Model Selection
ML/AI Model Selection munefis nsgurun1sidenuuudtassfimngaufiandmiunig
wAdgymvsen1sviiunedeyaluaiu Machine Learning %58 Artificial Intelligence (Al) lng
#TUNANYULUBITaYA Anwurvasdynl LagAumInzaNveiaruUIIaIiU
foyaiifog madenuuudtassiimunzasiinnudifyodiann WesnniinadeUszansam
wazauannsalunsiweviowdlailymvesssuu visedinisidenuuusiaesdl
wagauannsavinlinadnslidudud vseldiafes lunisideniuudiass MU/AI dnag
firsandil: Snvagvestoya: mndeyaddnvuniuinasiuudediowdonuulddeiiles
nsidenuuudtaesiiminganazineiu 1wy n1sld Linear Regression dv¥udeyaselilos
vi3old Decision Tree dmiutoyauuulideifios Srurudeya: uuudassursuuueasiomis
Fuuteyarnnidielmiauegramnzay Tuvaivuudiassunauuanansasiauladus
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agilfieyation 19U Random Forest Alaudaveulunisliteya ududeuveslassaing
warn19i3eus: vnavudiaesdilasiaieidudounaznisideudiiduden 19U Neural
Networks Tuaugfiuranvudiassiilassairanaznisisouifiisoudne 19y Naive Bayes
aslunsilinuaznisldons: visuuiaesiinnududounazasiiniildinaium luvaei
vnawuudtaesiausalunisiinuagldeugs wu Logistic Regression Usz@ngninuay
Useavidna: madenwuusiaesiiivseaninmuasUsyansualunmsineniendlotymilae
§198991nuadnEAlFnnTIaaeuLazN1TUsEIIL Feg1sreanIsideniuudian s ML/AI
19N Decision Trees, Random Forests, Support Vector Machines (SVM), Neural Networks,
Naive Bayes, k-Nearest Neighbors (k-NN)

Ingldosausenaunteya ToyatnfAnw : siaunfnwl 61 - 64 unINg1REIIUAY
aasns nauiog1slszneuluseyndeya 2,973 doge teuiuisuiiisumluina
Usgdnsamuniigadnomadawilosdeya (Data Mining) lunisadrauudiasdluna

=)

Y
Y
Y

2 =)

o

UIIUIU 5 nAalda Logistic Regression, Random forest, Naive Bayes, Gradient Boosted
Treeslaiw Deep Learning
PANNITASUUT IR DILANININN

X1
W1

il iwax+b20

m
(wixi)+bias > f(x)= :“:—..\‘
y ; 0, if ) Wx+b<0 > e
Xi

w.
a 2
Summation
Inputs  Weights and Bias Activation Output

AT 3-17 AINATEUVIUATATILUUNNINTA V89 ML\AI

27nAM Activation function 1uiladdudilélulasatneuszainiiivn (Neural
Networks) tleLfisiadmasnsalunisidouivesluna laglddmiuiiuanudanguuay
Usuugannuanunsalunisfnnsesdoyafidnfudmivuidymadudou wazdislunns
LenuezuaYMANNELTUS ITUTeusEnInedeyavesamifitsniidsazudly Activation
Function 3us input anluuareuniin (MIeideuseidrfuluuatagiu) uagdunuiy
output fidsaan %ammﬂuﬁwﬁgmmsﬁu i Al Suduinviesiau Tae output Ay
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gndsludalnundalululassiie wsednlu Output Layer asgnldlunisussuiananaly
N Ml Activation Function SsfiunumdrdnlunisvililinaFeuslafty uazdelunis
Wity fieadestunismidmeuiimnzandmsulandsne q faeg19w09 Activation
Function fifnagldfusgsunsvangldu:msiinngindaneinionsdnngudunulunns
Ianguenuesingludnuaziiinglunduieniu (Fonindames) frrwadondafuminniy
(umnuvsneianzuisszmsifmualaedniieges) dafunaziuinnniringiieglungs
9u (nseqn). \uanundnvesmsinssideyaidsdnauazdumedamlvlunsiese
Foyansadanldlunarana Idun msansigunuy mstinseinm msisteya Sransau
wamans Msdudadeya Aewfimesnsniin uazn1si3euiusaaies Activation function
Guiledtuildlulasadneyszamiion (Neural Networks) tietfiuainuanansalunisiseus
wazauBanguvedluna lnsundndrilaiduiagnldluawesdlildawosingi (input
layer) LﬁaiﬁimmammmL'%EJué’M%aaﬁLLumwu?Jﬂﬁ@ (Training Data) Té gy Hleridu
Activation siviirfiutassasiuvesteyaindfildsuaniawesneuntiduldnans
Julednavesiatweidagdu Tnednezldifiofiuaududounazainunainnaisly
NsUsvRIaNavedlumg

#e819u04 Activation Function fil#¥uminuiieslu Neural Networks @e Rectified
Linear Unit (ReLU) fsfnagldluatoeiiiliilviaiesaaeiilosan ReLU awnsnantamn
Gradient Vanishing Aantulunsléilesdu Siemoid vide Tanh 163 JULUUYBA Rel U fio:

FUNSTNTY Sigmoid Luu Tanh

fxy = max(0,x)

vsabugUwuudu q Ninsusulsaienidymidig q dwmsuileidu Sigmoid ndnldy
Tuawesanvnaiiolinadnsoglugisszning 0 fa 1 lneflaunsidu:
dun13ieAtu Sigmoid wuu RelU

1

feo = 1+eX

e x Aenaviuvesoyatninnnaiwesieunt deg1en1sly Activation function
TulpssgUsganniie:
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python

numpy =

(x):
/ (1 + np.exp(-x))

np.maximum(C, x)

linear_output = np.sum(input_data)

output_sigmoid = sigmoid(linear_output)

R S

output_relu = relu(linear_output)

print( , output_sigmoid)

print( , output_relu)

lusegnailislddeyaundruasnasinvestayadndnivonanin1sld Activation
Function Sigmoid tag ReLU lunmsiwinuaansvesaasiaqgiu
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a o ¢ | |
AN 3-18 ATNATEUIUNTATILLUUNYINTA VI MLAI I@‘EJLL‘Uﬁﬂmaﬁl’mLL‘UUL%EJMWGEJEA

YpeunAnEla

N153LATIENAT AN DTN TINAUTANDITULALIIUNINATITAaNDTTUANIEAIAY?
aunsalalnglddanesiusie q Aumnshetuegrannluanudiladertuasiivssneudy
Hundames uarisnsfumednsiiszdvdam wnAnsendoufefuadames loun naui
fsvopvisszrinvaudnvosndawoition Mufivuiwiuresiiuiiteya daenan wionisuwan
LassadAlagianiy nsdanguisanunsadvuadutlymasmanmnzigauuumane
frqusrasdld msssrndaneiiuntsdanguuarinafiweimanyan (swdensdived Wy
laiusrornaiiodld inasinnumunuiy viedwauadaweifinianty) Jusgiuyadoyaus
azyauazinguszasdtunisldnadns n1siasizindanasldlyudalud® wiidy
nszUILuNIAUATINdEn 9 viemafiusravBnimadddneunateiagusrasdiiAsadoet
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nInaaswasaudumal dindndudeaunilanisfiwesnisuszunanadeyaslmiinuay
LuUdaesIunHadwsazUTIgAAaLTRTIF BN

Confusion Matrix lushunsieuiveariesinsuarlngiomztamusanisduunms
afd wmindeuduauniefieninuvinddeianain (1] Wulasesremanaameiivagli
Wiunmszansamvesdaneifiu dslasiiluudrazfumsitouduvuiidasu TunisiFeus
wuuliffgua Snieniumindfingstu uiazuaivesuminduanafeduaunudlunaiasts
Turusiinsazaoduiuansdsduaunusluaanaiinanisally vielunanduiu nuvsaes
suwutlussunssnl2) Seididutudamandeifinaieiihiuriliiedenisgirszuuids
afuenuduaulifuassaanandels (Wu lnehlvazAnaaniinuszinnniediu) Humsna
aniduvieiiauiidansdia (‘93" waz "mannsal’) uazym "Aana" fndioutiluvisaosdin (us
azfAnazaaasuiuduiudslunissgniu)

AteilfiauenanismeassadauuuassisnsiassdulsAvinmuesiuy
wensal wail accuracy, recall, precision, kagf1 F1 score metrics laaldnann159o3

confusion matrix

A1519% 3-6 wand Confusion Matrix

Predicted condition

Total population

—P+N Positive (PP) Negative (PN)

Positive (P) | True positive (TP) | False negative (FN)

Negative (N) False positive (FP) True negative (TN)

AcCtTual conaition

TP+TN
Accuracy = —————
TP+FP+FN+TN
ea e TP
Precision =
TP+FP
TP
Recall =
TP+FN
1
RMSE = [LI, (- 1))

Tun153LA12MTIANANITAl ANS19AIMUFUAL (UNNASISENIUNTATAUFUA)
AN ADILDILALADIADAUUNTIHINUTIUIUNAUINDSS RABUAI RAUINAI LATYHAAU
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339 FagliieseilaaziBoaniinisdanadadiuveinisdunyseaniignaes (A
wiiugn) Auwdugragyilmianadnsnvi A laianinyadeyaliauna dufeladnuiu

ASEUNR IUTEAUNLANANAULANFIAULN

A5199 3-7 ANHAANSUTZANSAINUDILUUINAD

Evaluation . )
Classification Methods
Measure
Classifiers
; DT | ANN | NB DT | ANN | NB DT ANN | NB DT
ype

Accuracy |86.8 | 79.1 |67.7 | 756 | 789 |67.2 | 8695 |79.1 |72.2 |86.95

Recall 86.8 | 719.2 | 67.7 | 75.6 | 79.0 | 67.3 | 86.95 | 79.2 | 723 |86.95

Precision |86.0 | 79.1 | 67.5 | 757 |789 |67.1 |86.96 | 79.1 | 724 | 86.96

F-Measure | 86.9 | 79.1 | 67.1 | 756 | 789 |66.7 | 8695 |79.1 |71.8 |86.91

HAANSUTZANTAIMUYBILUUI a0 TAUTEANTA MR IINLAAAIBAIAIIULIUEN
Accuracy ,Precision, Recall waz RMSE wisdoyaiduganisiineusy 70% wasyndoya
NAADU 30% A1NHANITMAaanUn luaa DT Iussansnmingalaefidinnuuudy
Accuracy 86.95% wazdlAn Classification Error 13.05% LaA9iaANMLIUE1U0INITHYINTA]
TuszAvganunsadluimuueundindusialy

NNIsnaaesnuideladiaus wuudnassdmsuldneinsalnisasegvesindnw
annsauwuudaedldifiontsauiduuuneinsalssuufivinundaaiesdtomalulad
mai‘]muzyﬂLﬂ‘f‘\iamima&jmaaﬁﬂﬁﬂmizﬁuqmuﬁﬂm

HAAWSWUUNBINTAUAIY the Decision Tree Entropy function

English marks > 0.998: 0.000 {count=10}
English marks < 0.998
IT course > 5.500
English marks > 0.942: 0.000 {count=11}
English marks < 0.942
English marks > 0.228
Major > 2.500: 1.000 {count=357}
Major < 2.500
languages teacher > 1
| Major > 1.500
| | languages teacher > 9
|

|
|
|
|
|
|
|
|
|
| | | eender > 0.500: 1.000 {count=10}
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l
|
|

| gender < 0.500: 0.000 {count=11}
languages teacher < 9

| English marks > 0.484: 1.000 {count=98}
| English marks < 0.484: 0.662 {count=65}

Major < 1.500

English marks > 0.509

| English marks > 0.512: 0.926 {count=283}
| English marks < 0.512: 0.000 {count=10}
English marks < 0.509: 1.000 {count=215}

anguages teacher < 1

guardian > 1.500: 1.000 {count=42}
guardian < 1.500: 0.000 {count=22}
English marks < 0.228: 0.000 {count=10}

IT course < 5.500

Mathematics marks > 0.160

guardian > 3.500

languages teacher > 6.500: 0.000 {count=11}
Languages teacher < 6.500: 1.000 {count=86}
guardian < 3.500

[T course > 3.500

languages teacher > 3.500

English marks

> 0.819
mathematics marks > 0.558: 1.000 {count=96}

HAGWSLUUNEINIAIRIE the Decision Tree Entropy function (#®)

|
|
l

English marks

mathematics marks < 0.558: 0.000 {count=11}
< 0.819: 1.000 {count=748}

anguages teacher < 3.500

Major > 3.500

gender > 0.500: 1.000 {count=21}
gender < 0.500: 0.000 {count=11}

Major < 3.500

gender > 0.500
| English marks > 0.489: 0.796 {count=108}
| English marks < 0.489: 1.000 {count=77}

gender < 0.500: 1.000 {count=163}
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| | IT course < 3.500: 1.000 {count=1482}
mathematics marks < 0.160

mathematics marks > 0.154: 0.000 {count=11}
mathematics marks < 0.154

| Social = FALSE

| | gender > 0.500: 1.000 {count=11}
| | gender < 0.500
|
|

| languages teacher > 6: 0.000 {count=10}

|
| | | | Social = TRUE: 1.000 {count=131}

| languages teacher < 6: 1.000 {count=11}
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namuans Entropy tuaraldlunisinanuldudueulugadeya visanuduauly
Joya Feldlunisasng Decision Tree Tunisdnduladnazuusdeyasenilungudasagisls
AUN15U8Y Entropy dmsusuuuiidasspana (binary class) Ag

E = —p; log,(p1) — p2log,(p2)

Tnedl 1 pl wag p2 Ao Amuu1viduvesratainilslaraatafiaasnudsu Feilan
33983 Entropy anniigaloruinaziluveivaesnatawiniu wazdreeiigadiedinny
Wnagiluveseanalananandayindu 0 uneanunlidfinaudvan)

[

dusuRieg19n13ATUIM Entropy Tu Decision Tree Tagld Python aunsavinlansdl
python
import numpy as

def (p):
return -p * np.log2(p)

# @ Entropy ﬂaonduﬁﬁaaana1ﬁ 1ao pl danmninazsiflunavaanaiiviia (0.3)

entropy_value = entropy(pl) + entropy(p2)
print("Entropy:", entropy_value)

(%
a

Tushogeilisfuam Entropy éi’m%’un&jmﬁﬁm’mﬁw3LfJu5uammaﬁm 9 A9l
AaNafinile 1 = 0.3 p1=0.3 uazganuuazduresranadiaed 2=0.7 p2=0.7 wavuanIHadng
ﬁlﬁﬁﬁazﬂaﬁiﬁﬁaammaﬁaﬁ:

Aanafinile (Class 1): finrurandu 1 = 0.3 pl =03

Aaafans (Class 2 fad1uurazidu 2 =07 p2 = 0.7 151381dgns Entropy

iduanien Entropy wastoyail
E = —p1logy(p1) — p2 logs(p2)
WNUAT pl Ly p2 MIUATIAINUA 151914
E = —0.310g,(0.3) — 0.710g,(0.7)

NAIDINATUIEU:
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E =-03x(-1.736) - 0.7 x (-0.514)
=0.521 + 0.36 = 0.881
Feifuen Entropy vasfeyailuszunniifu 0881 Feuansisniuliviuounie
arwduauludoya Been Entropy fAmnn wansifinreilduususnduuaznisutangs
wfirududeusnniude Wediduliuuunensaifiiiussansamiiian aunseuluiaun

=

an1Unenssuszuunuinwidaasezatomalulagnialygn tienisasegduasdndnw
U = 1
sgRugaufnwsialy

A157197 3-8 AISVIAERULUUNINTAIlUAISYINTUNY ﬂﬂiﬂﬂ@gm@ﬂﬁhﬁﬂ%flﬁﬂ%?ﬂﬂiﬁhﬂﬂi

wiAlulagasaunan1egsna U mMsfiny) 2566 HAGNSLEARIRINNT1

Order Student ID Target Value (Y) Prediction
Results
1 s00001 1 1
2 s00002 1 1
3 sO0003 1 1
a s00004 1 1
5 sO0005 1 1
6 sO0006 1 1
7 s00007 1 1
8 s00008 1 1
9 s00009 1 1
10 s00010 1 1
11 s00011 1 1
12 s00012 1 1
13 s00013 1 1
14 s00014 1 1
15 sO00015 1 1
16 s00016 1 1
17 sO0017 0] 0]
18 s00018 1 1
4143 s0413 1 1
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INA1519 NUILBULUUNEINT UINAFDUUTLLTUAIAINU LU UE1UDIAILUU
nensalszuunuIneidaasezatgimalulagniedygiiiienisasegvesinAnyd
seaugauAnYl faugnassusiugl (Accuracy Rate) Winfiu 88.7%

3.3 seeeil 3 nseanuuuaniaenssuszuuiiuinudaaiezdremaluladniedyyn
ilon1sAtagYasnAnysERUgANANG

3.3.1 Fnguszasdnside szeedl 3 mssenuuvandnenssuszuuivinwdaniozdie
L%ﬂiuiagmaﬂﬁyzmLﬁaﬂﬁmagjmaqﬁfﬂﬁﬂwﬁzﬁ’uqmﬁﬂm

332 sonuuuUsziiuaniinenssuszuulaofideangiumaluladasaumauay
nsdeans lnadufifiuszaunisafludruditieadeddsidosndn 5 U $wwau 5 vildan
NSEBNLULLDIZAY

'
=

3.3.3 fauusildlunside ssoedl 3 fudsdu Ao ssuuiivinwdeaiesiie nalulad
mai'jmyzyﬂLﬁaﬂﬁmagmmﬁﬂﬁﬂmwﬁuQﬁmﬁﬂm
3.3.4 @UsnNu Ao Nan1TUTEIIUAMIUMNNZENNITO0NLUULAZHAUITZUUTEUY
ﬁﬂ"?ﬂmé’aa%azﬁmwmiuiaﬁmaﬂzymLﬁaﬂﬁmaguisuaﬁﬁfﬂﬁﬂmszﬁuqmﬁmen
FuperAsaniunsite svesd 3
3.3.0.1 1AT1EANTTUINNIINITVRIsTULTIUS nwdaaSerdemaluladvnedaan
ilensnsegvasindnwmsiugau@nu
334.2 tnadildanszesd 1 16ud Jadeildneinsalnisaseguesiindne
sedugauAnunil wagsrerdl 2 Ao Muvuweinsalszuuiuinwdaaiezdenalulad
ma‘ﬂqgapLﬁamﬁmagjmaaﬂﬂﬁﬂmazﬁuqﬂuﬁﬂm
3.3.4.3 AT1EMnuUUTHUUSLUUNEINsalsTuLiUSnwanseedemelulad
ma‘ﬂzyapLﬁamﬁmagjmaqﬂﬂﬁﬂm35@"1’@@31%@11@83’351%3LS&J@ i
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FINAINLERS FINUUNEINTBIsTUUTUTn w893 ee Intelligent Advisory System
using Artificial Intelligence for Student Retention Juszuuiiesnuuuniietslunisag
oeuastinAnwsziugaufnuluanitunisinu ssuvithmeluladmetygUssivsuld
1umiamswwmammwammaLLawUvamuamu“u,aummLaﬂwaquﬂﬂﬂmmmamuw sy
flagagiaevionousnnmsiny smedhmneiagdagliantiunsnwiaiunsalinig
afuayumsasegvosindny hnaneinsalinesnuuy Al Lileideuselussdiuiiaziaun

N19AATIELAYaaNUUTTFUY Al Chatbot nsfndauamuandslidesdinisfmuniy
thanldautios uiusmuendauazmnavislunis asudinndiundnAnsinisdedly
TUsunsunauluusnlusiRlagly keyword WU 01199A1IN “@dan” Tinauin“alanasu Bun
fiousu” ustuanimiionni Chatbot Ssfieuannsalunsyinedndulddnees uaznisnou
wyndnludffoiduua 1 Tuiliaasves chatbot wynuenil character n3nau1sanaula
witeusyud dofvas wumuean (Chat Bot) saulatl 24 vy andunsunsneumniy ety
Toya UnAnwinluedad Yszandldlanainuane arunsaviilinisldnevaussegiady
555uAk aunsalwaunaulales lngunfneuasna chatbot 11agdesinisiletaAusn
Wosres vavndatu q seduntsfdruriudlieu chatbot du aedllfidusguinuneianig
uimslideya saumauniy uwanWesy Tsunsuuem vuled weundiadusiiag wu Voice
Assistant App 9819 Alexa 58 Siri Facebook Messenger, WeChat, Line Tnouwnliiudl Chat
Bot HuaziiulafinniuiFes 4 msleseiuazeenuuuszuy Al Chatbot Sindsenaudis
funousiolu:

NM53AT1eRALEeIN1S (Requirement Analysis): N1515uFURIEN15IATIZEAI1Y
Foansvesld SRedupouiidulufigaiiertiladn Chatbot aedonherlstny waelifians
oglstha 1y nmsnoudaieiunaniarivsouinisuessdng msaunuiensualvesly
Wudu nmseenuuulunanazandnenssu (Model and Architecture Design): #a911L07
laAudeIn15veylduat agdeseanwuuliaakazaniUnenssuves Chatbot lagld
walulad Al ﬁLMMWaﬂJ L Natural Language Processing (NLP) Lag Machine Learning
(ML) @359ufen15idonuazUiuugsdaneifiunisiiouivesiaios (Machine Learning
Algorithms) limsngauiumsldau nsasredeyain (Data Collection and Preprocessing):
selufenisadananinioudeyafinilélunisiinluna Chatbot Fae1asandanisiivteya
auNNA3e 9 waznsUsznanadeyailarssuteyaiinlimnzaudmiulina msaauay
nsfinlanea (Model Training): Tudumeutl 151a¢lddoyaiiindouliufinluna Chatbot
Taglainalulad Machine Learning #58 Deep Learning Lﬁaa%ﬁﬂmmaﬁmmsm%ui
NFAUNUIINTBYARN N1snAdeULarUsEIIY (Testing and Evaluation): waandililuina
Chatbot Intumeureuntug 1aznadeuLarUseiliulssaninmues Chatbot Tneldam
foyannaeuiiudass uarinuszavsnwseinasifidinun nsUiuusaaznsguasne
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4.3.2 Wan1sUTzlumIUIRLNZaNYRIN1TeanLUUan 1 TneNTTUTE UUTIUINB09a3 YL
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189N15UTSIUUY ALY o wlana
deviation
1. fuAuanIatunsnuaILANNRenIsELY
(Functional Requirement Test)
1.1 auanunsalumsenldaulussuugiudeys 4.66 0.54 WNiign
1.2 Auaninsavesszuulunsiiudoya 4.68 0.64 Wndian
1.3 nuanunsavesszuulun1suuuadeys 4.52 0.66 Wndian
1.4 uanansaveasszuulunsiauetoya 4.58 0.67 Wndian
1.5 AnuaninsavesszuulunIsiauenaansves 4.67 0.44 Wndian
1.6 AnuansavesszuulunTinEiteya 4.58 0.55 Wndian
1.7 nyanunsavessruulunsiuns ey 4.50 0.53 WIndian
59 4.59 0.57 W niign
- . o4 standard
18n15UTSLUY ALY o wdawa
deviation
2 iumsvirnulanuileaiduanuvesssuy (Functional
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2.1 AngnApswaIn1sinuszutlunms 4.53 0.48 Wndign
2.2 AnugnessvassruulunsiaUssnnves 4.44 0.51 Wndian
2.3 anugnaesvesszutlunisiiiudeys 4.66 0.48 VG0
2.4 anugnapsvesszuulunsuTultoya 4.51 0.51 WNTian
2.5 anugnaesvesszutlunsiaueteya 4.55 0.50 WNAgA
2.6 ANUMINEaNluN1TEaNKULTBITY UL 4.64 0.49 Wndian
2.7 anumngaslunisaudeya 4.58 0.51 WNdign
2.8 Anudaaunasiiizanlunisseny 4.58 0.51 Wndian
2.9 anugnsedlunisdafiudeyaidn 4.58 0.51 HRRVIGE
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F18N15UTSIUY ALY o wlana
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2. PUMSUsERIUUSEANS A WA ITUYBISEUU
2.1 anudglunsidanuueassuu 4.66 0.62 HAYIER
2.2 muannsavesszutlumsdanistoya 4.8 0.67 wnnvige
2.3 enumizanvesUjdunusvesseuuiugly 4.30 0.75 Hn
2.4 anusIEIlunISReUAUDIaITEUY 4.31 0.69 an

91nAN9197 4-5 ansaedurelddad nuirduauielunsldnuressuuegly
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szuvlumsdnnisdeyasglusedu mnian flederiiiy 6.78 Andouuuinsgiuminiy
0.67} fumsvsnzasves fduusvessruuiudldsvuuldoglusesu ann Sanadewiiy
4.30 Andoauunnsgiuiidu 0.75 uagsuarumailunsnevausvesszuuegly
syiunn feadewiiiu 4.31 Andeauunasg iy 0.69 muddy
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S18N15UTBLUY ALRRY L wdana
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3. AUKAAANETIAIINASTIFUTEUY
3.1 ANENTOIUNTNEINTAINTINTASE VDS 4.88 0.77 WINgn
UnAnw
3.2 AnuEsalunsAUS ne1ensiseu 4.16 0.71 170
3.3 ANNABIUDITEUUIUNTINENURAAIUAINS) 4.80 0.67 WN71gn
3.4 Ysgans N nlun1siauanNadnsueessuy 4.33 0.72 170

397 4-6 aunsaesueléReld dunnuaasalumaneinsainsnisasegves
tin@nw egluseiu unfign flenadenindy 4.88 Andosuumnsgiusiiiu 0.77, f1u
anuannsalumsliduinwmsnaiFeueglussdu wnn fdedeniiiu 4.16 Audeauy
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fign TAnedewiidy 4.80 Andeauumsguiniy 0.67 uazsudseavsamlunisiiiaue
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Hadnsvoesruvagluseau win TA1afuwindy 4.33 Andewuuuinsgiuwindu 0.72
AUAGY

A19197 4-7 wan1susziliuUszansninszuunuinwidaasesmemalulagnialeyginenis
AsREYRIINANYY MuAuANURenisvestayalusruy Tngrlieiyainadns
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s19n15U58LaU ANARY | standard deviation | wUawa

4. mMuAuUasnsieraslays

4.1 mtuduinulunsldaussuy 4.80 0.67 1niign
4.2 mansraseudvsnsldnuvesssuy | 439 0.71 1N
4.3 ANUUaDANBYDITHANTY 4.78 0.65 1niign
4.4 pdudiuivestoya 3.80 0.71 1N

NP7 47 aunsnesugldsed duanvannsanstudusadlunslfoussuy
agluseau mnﬁqm fiAaduwiniu 4.80 ﬁ%ﬁmwummgmmﬁu 0.67, AUNITHTIVEBY
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T18N15UTLLUIU ALRAY wuana
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7. MuAuUasnievaslays 3.80 0.72 110
8 ANUYNABIVBITTUUIUNTINEUNG 4.80 0.71 mnﬁq@
4.48 0.66875 4N
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The framework of proposed Student
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53.13 8191367UInW (Teacher) Ao yaans Ald3uanslunisnsasaoy
189U wazdUinadeyasiunisaeu n1saey wavsieuvesindnwlidudagiuvesssuy
\unén
5.3.1.4 wmInends (University) fie fuimssesvuudugldauszuuiines
Usziiu anunuuazeenulsuefivmngaudmiunisdeu nsaeu Aldudvdidildnussuy
[fiovinsnsaaouNanissuvesindne SruautinAnuifiaeon nMss1eanazaIn
suleueiileatiuayunisasoguetindnu
532 fuszuuiaietns dmsuglindesnisldaussuurimgunsalildanu ansa
sesfumsldinuszuuiaietnsdearsluguvesuau (Local Area Network : LAN) d2unsdl
nsldnunuuasetigliarsvulinla wivds wseaursninu drenisldnulugluuy
V963U (Wide Area Network : WAN) 895001911914 0098 ) 10utA30118 3G 4G ey 5G
Fyanasihunisdeansguiuuiau (Local Area Network: LAN) fhgnsiilexsiauuy Ethernet
WiFi vaauvningaela
53.3 3zuuﬂ§ﬂmé’m'§azé’wmﬂiuiaﬁmqﬂzyzgwLﬁamﬁmaguisuaaﬁfﬂﬁﬂm
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nsvinuuuninvegunsaiinievield edrmainvate lddinduniiaersuiiunes linda
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flsivinAu silinseenuuuazdesdianudangu sesiunisldaufugunsalynguuuy
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6.1 @3UNan1Ie

6.2 9AUTIYHANITINY

6.3 UOLAUDLUY

6.1 d3UNan133Y

6.1.1 ATeiiluiesgidoyaiifdsquesnisdoulussduganine dinfn
9191587 nw L ileads “ﬁzwﬁﬁﬂmé’ﬂa?wﬁwLwﬂiuiaﬁwwaﬂagag%ﬁamamagﬂimaq
Unfnwseavgaufnw” wWhivang As MIYIUINITNIIIINTG MIYIUININIEIAN 11511
welulafuszgndldfuiauinismsiSeunsaeuveamine1ds 1unszuiumsigadi
nMsUfuUganasmuisnsasuuaznisieuslunminedoiiodaaiuuszansanly
nsfnwiwaznsaeueg1ulunians lnedidmunendn fe nsadsusseinianisiseuns
aouilifinlusonsnsedunardaaiumsiioudvesindnuiegieiiussansaim 91nnsnis
duaseidoya N19IATIERtayamenguivesnszuIun1Tviumilesdoya (Data Mining)
wuirdladeildnensalnisasegresindnuisziugaudnet Tneldesdusznouyadoya
Unfinw : sadnfinw 61 - 64 wﬁwmé’mmﬁgﬁuammm nqudiegeUsznaulumeyn
Toya 2,973 10879, 24 Arudnue ftunaunisviaudeudiiudulusunseitviuan 6
funou fe 1. funountssrusiugoga (Get Data) 2. n1sdrsradioya (Explore Data) 3. 3
a¥19uuuTaeatona (Model Data) 4. nsuauanagng (Visualize Results) 5. N15nagau
1911 (Simulate Results) 6. n15u1lUl9a591lu§3579 (Use Results in Business) nan1533e
WUl @il 1 ﬁa%’aﬁdwaﬁamimagjﬂszﬂauﬁw T@un 1nsaLaay, NMSIIASEY, @197
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6.1.2 Bouay, Tullvesindn, s1eldvesda Tneddmimdn (Weishts Correlation):
0.429412578, 0.410814737,  0.410814737, 0.410814737, 0.380331279 #ua16U
6.1.3 wanswawiwuuneInsaiszuuiivinudensesdomelulainelygiiie
nsmsegasindnunsziugaudnulunsaiafuuunenssl shasmaaeaiiesouliioy
AN 0T Lnediu1nsin (Evaluation Measure) #8 Confusion matrix 21ANTEUIUAT
Confusion matrix @111507AUSEENEANUUUNEINTA AI8A1 Accuracy, Recall , Precision,
F-Measure Wisuiflusaneisy 5 wadaidsdduussavinniiian 5 Sudu il Decision
Trees, Logistic Regression, Random Forest, K-Nearest Neighbor L&¢ Naive Bayes
WuIHAIAINLLUET (%) LN 86.540786, 86.471145 , 86.079575, 84.770840,
77.181226 muddu uansdsanuutugrveanuuneinsal fadugidedadonuuuneinsal
Decision Trees ﬂﬂﬂﬁ’wmisuuszwﬁﬂ?ﬂmé’aa’%azﬁaEJLwﬂiuiagmqﬂﬁyaunl,ﬁamiﬂqagj
VBIUNAN W TEAUGANANY
6.1.4 waniseenwuvaninenssuszuuiivinumdndevsomaluladmelygiiie
nsAsegrainfnwsEAuaauAnY aunsainuausyuy Yssneulumewynanlunis
¥rausadl 1) Uszilugnsnnisasegvesind@ne 2) nsimuaddayewazivinig 3) ns
Faunsdudsay 4) n1shnsedeansiue1anséivine 5) Mednlundngns 6)ianssu
FUNUINIT HANITITENUN i%UUﬁU%ﬂHWﬁQQ%S%ﬁ’JEJL%ﬂiulﬁgﬂﬂﬂ‘fjﬁgiy?Lﬁ@ﬂ’]iﬂx‘i@@j%@ﬂ
UnAnwsyiugaudnen denlduuune1nsal Decision Trees @11130NYINTAIBNTINTADE
yainAnwFsuuunensaifidauiugn (%) Wi 86.500786 JAranuRawatn 189
WUUNEINIad (%) Wiy 13.46
6.1.5 HansmuITEUUAUTAYISaTuziemaluladneiyyr ilonsaegues
UnAnwszAueauAnm
6.1.5.1 nan1sUszidfiuysyansnmuesszuuiivinuidandesdomaluladnig
{]zynunLﬁamimagjﬁuaqﬁﬂﬁﬂmasﬁuqmﬁﬂmmsaaﬂﬂawqﬁumaﬂﬁﬂﬁﬂmszﬁw%m@m?
mﬂ;litf‘?imﬁmay mm;liv?isn%wﬁ’]muﬁgmm 5 U laevinn1suuan1susziliulssansninaes
STUU 4 a1u TalA 1) AuANansaTun1sviuTe9ss UUATIANADINTUIN UL ies]e
2) frumsUszifiuvszansamnisldnuvesssuu 3) dunaadnsildannsldaussuy
4) uanuUasnivestoyaniglussuy ansTeeldsedl nansUssfiudssansam
S%UUﬁU?ﬂU’]Eﬁ]@%S%éﬁSLVIﬂIuIaQVl’N{jEy,ﬂJU’lLﬂlﬁ]ﬂ’]’ima&qj%mﬂﬂﬁﬂw’] AIUAIINEINITOLY
mManuresszuunssinguszasdnsviau Tnefideaviny Sradwssed AN IngUIvaan
TumsWamnszuveglusedu snnfign fdedewinty 4.70 Andssuusnasg iy 0.62
funssmuveulnvssmstmunszutlumstismUIweglusedu wndige Sanedeinty
4.80 Andeauunsguindy 0.67, Muansautludoiianainvesszuuldeglusesu
unn fenadoiiiu 4.43 Andesvuinasgiusiiiu 0.67, fuannsalidusnuifiuudy
uitymvestndnuldoglusesv unn danadewintu 4.43 Andosuuunsgruniniu 0.66
ANAIAY
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6.1.5.2 ansUszfiuUseansanszuuiivinundaaseedemaluladnataan
iiensaseguastindnu sunsusziliudsdviamnslinuvesssuulaeiderng wui
Munssnuinguszasdlumsiauiszuueglusedu undige TAadswindu 4.70 A1
Deauunnsgusiniu 0.62, sansussdulseansnmssuuiivinwsaaiesfemalulad
matlygiiiensaseguesindn sunssmuvoulnvesnsiamnszuulumslidUinweg
Tusgdu unitge Slanedswiiiu 4.80 Aldsauunnsguwinfy 0.67 Auaunsauily
foRanarnvesszuuldeglusedu un danadewindu 4.3 andeuvunpsgiuwiniu 0.67,
suanansalimuInuiugwidamussindnuldegluszdu in danadewifu ¢.43
ANDIULIATTIUVIR 0.66 Auddy

6.1.5.3 HansUsziiuUsEanininseuuiivinusaasesesmemaluladnatog
[flonnsrseguesindnu dumsuszsifiuuszansawnsldnuvesssuulaodidorvgdl
wadns wuiriuemdiglunisldiuvesssuveglusedu wniiga Sanadewintu 4.66
Doauuansguwiiv 0.62, fusuansavesszutlunsianisteyasglusedu unn
flan fidiadswintu 4.78 Andesuumasgiuintu 0.67, fMuanuminganvesUfuius
vosszuuiugliszuuldeglusediu ann danadewiiiy 4.30 Andesuunnsgruwiiy 0.75,
fuausInislunismevaussvesszuveglusyiu un fdnadeindu 4.31 dundeuuy
INTFIANU 0.69 AUEGIU

6.1.5.4 wan1sUssiulszaniamszuuiivinndraiosdamaluladniadya,
Lﬁamimagjmmﬁﬂﬁﬂm funaadnsildainnisidaussuy Ima@%mmmjﬁmaé’wé AU
Anuaunsalunisnensaldnsinsaseguostindnu egluszdu undign fldadewindy
4.88 ?ﬁ%ﬁmmummgwmmﬁ’u 0.77, suanuansalunsicUsnyinianisiseuegly
seay A fldedeiniu 4.16 Andeauumasgiusindu 0.71, fuanumugniases
szuvlumsnenusaduingeglusedu iniige faedowiidy 4.80 Andeauuinasgu
Wi 0.67, auuseansamlunisiiauenadnsvesseuueglusedu uin fiaaasyiiu
4.33 AndenuunnsgIuyintu 0.72 awdisu

6.1.5.5 wan1sUsziulszdniamszuuiivinndraiosiemaluladniadlaya
ilensaseguestindnu susnunaasafevesdeyaluszuu Inedidenainadng fu
AnuaansansBudusinulunisldauszuu eglusedu mniige danedewinfu 4.80
Heauunsgiuiniu 067, funisnsavaevansnisldnuvesszuueglusedu uin &
Aadeiniu 4.39 thﬁsmLuummgmwiflﬁ’u 0.70, suANuUasnsfevessianiy aglu
seuINiige TAnadewiiiu 4.78 Andouvuinasg ity 0.65, Funuidudiudives

[ I

foyaoglusedy Urunans fianadewindy 3.80 Adosuumnasgusintu 0.71 mudne

6.1.6 nansanwmansidnuszuuiivinwdaieesemaluladmedyg Wenisas
oguastindnusefugaudny nansussiliulseansamssuunansldanussuuiivinm
§aa3ursemaluladnelyg ensaseguesin@nuiszdugaudnw annsaaguliin

JPUU NensaiNanIsituUseavanmegluseauunn (X=4.48, S.0=0.66) AuaGU
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6.2 aAUTIUHANITIY

6.2.1 nansduaeionalsuideiivadedusudadefidmarienisnsegves
UnAnwinuin ‘ﬂﬁamsﬂuizwViﬂ?ﬂmé’aa%zé’asJmﬂIuT,aﬁwwqﬂmagﬂl,ﬁaﬂﬂiﬂqazﬁaq
unAnwiszaugaudnw Usenaume a1y e 1wy nsany insaiiseudnwneutany
Nan13LTeu nsads (GPA) madenivien wansdeuivadamand daluensviauuen
nan Yademsdsan uazinsaindedusn dsannsalideyadeasulunsifudeyadunuims
ddmiumsinngitadoildtadoidmadionisaiey Jadefidwarenisnsegunniign
@A 1NTARAY, MIVIAEeY, @fitnAnwiSsuauLIfe g vnsANe, SR &AW
og, 31ldvoslin TnedAtniin (Weights Correlation): 0.429412578, 0.410814737,
0.410814737, 0.410814737, 0.380331279 A1Ua1AU IINHANITITYAINAIAUTAUIUN
Wiguiey snAdeifinnuaenndosdts Tngauddoivsuu (difinensea (2021) ldiaue
MASsTiIIATadnEnIdedsnahiauedeyanisfnuideiEessiing e
Yadeddemanonisiuaninvesinfnwseduuiyyns Imaﬁmaﬁauiﬁmaam%m Al Tu
Hayauszivinda Machine Learning Sadunmsinauensinseiiladeiidmasanisiu
anmvesinAnwUsye3 Taelddadesne wu Flusfionssy azuuuntwdingy uas
SruuthBouisudnEeu gnssyindusyiuenamsisou finvennsnge nsaeasves
tidnw wuidanuddglunisaamsainudisamaivinistaesin msfnwudugis
muddyresmsEsuawinvsmanalulal warnunsinguuestndne Taswangludy
Seudvinsleulusunsy uazdvntwsangululusninadenituasegvesinfnu
wananiramsIsetliduinuminendomsldanuddafunsaueianssutndnu iy
Uselowd uazdfugassuunmsiudniioudiiefuaanmuesindnwm wenaniliaenndos
AUNWITEues Osemwegie, E. E.,Uduehi, O. M. uag Amadin U 2023 Inglavinnisnnaesin
UsgAvBamenugniesTeuiiisuiu dseaidaiisnuas SVM dauudrassmsiiousves
\3eafiiluszansanlunsduunteya Idvinsilesidadefidsmasionisiuaninaes
nfnusedulsnes san1sneaemuiddedefdannud @iy 5 Jade fe anvudy
Anedne endnvesdan azuuulusieinduauiaans Muidingy wazAzLuLaDy
ey enulusensufenwreniames daunsadinndeudungnisdiwunadng
Auduius veswonn3dod Suvadatannsavszgndlifunisinseisiuundeyaild
AwduTtusiy Yeyadu 4 leidueehed

6.2.2 NaNSWAILIFIKUUNEINTasr ULV nwSaasesdamaluladmelayg e
nsasegvasindnuisziugaudnuilumsairsfnuunennsal imsmaasaileiSsuiioy
ANTmaslneiunnsia (Evaluation Measure) 698 Confusion matrix 910N5$UIUNT
Confusion matrix @111503AUSEENBAMULUUNEINTa AI8A1 Accuracy, Recall , Precision,
F-Measure iW3suiflsudanasu 5 medaifesdfuussavinindiian il Decision Trees,
Logistic Regression, Random Forest, K-Nearest Neighbor Wag Naive Bayes Wui18A1A13
WaUE1 Accuracy (%) AU 86.540786, 86.471145 | 86.079575, 84.770840, 77.181226
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audIfu anranITeinudenndesiueuisaves Francisco A. da S. Freitas , Francisco
F. wae Victor Hugo C Waundauuunennsalssuufivsnusansesdomaluladvsdynyian
nseennaAuYesindnyl laudiausduuuneinsal damisidineslaeda (Evaluation
Measure Confusion Matrix) @11150TaUsEENSAMLUUNEINTal 8@l Accuracy, Recall,
Precision, F-Measure LU%EJULﬁwé’anﬁ%"mamwﬁauiﬁwLﬂ%ﬂﬂﬁlﬁﬁ%aua danasyiy
(Algorithm) wnuien15dndulanuuauld (Decision Trees), N1sannBELUUABIARAN
(Multinomial Logistic Regression), SVM (Support Vector Machine), KNN (K-Nearest
Neighbors), MLP (Multi-Layer Perceptron, DNN (Deep Neural Networks) mmmmgﬂﬁaa
%) Ineliyadeyavunslvg Tinszsitedefifinrumannansnudnuny usazuaiuansd
fudsiiisdesiunudnuuroyanavesindne Tnsnuidsanansathumsisuiiey
nadnsiAeItoeieldl nadnsiioades nsindulawuudulsl Decision Tree: A
wiiughils 86.5¢ % tudleifiouifuusyansnm Bezerra uazame [16] Tinaueniswernse]
munsannesladadn danuudugl 69.00% wuidiauwiugriuuuneinsalees Calixto
wazAy (2019) Aiflanuudugn SYM (Support vector machine) 75.87%  uagfianuuaiug
niudlewfisuiu Sorensen (2019) finvmiusiugn 70.23% Teagudsnanaunsatiausiznis
AfiuseavEnmuetLuUNeInsaifauuiusismefiazi U H S uwuunensalvesssuy
19

6.2.3 nan1seenwuvandnenssuszuLTivinuwSaasesdiowmaluladniedyg e
msasaguestindnwsdugaufin TeazBendieluil

uamssiiunsidelusseriifunsinuiienesiteyadunsosnuuuandaenssu

szwszwﬁﬁﬂmé’m@azé’wmﬂiuiaﬁmaﬂaujzmLﬁamimagjmaaﬁfﬂﬁmsmzé’uqmﬁﬂm
wiseanidu 3 @1 fe dudl 1 nseenuuvandnenssuszuusruLivSnwdaniesde
weluladnsdygiionisasegresindnwiszfugaudnun duil 2 nsuszifiuag
W ANYBINTEBNRUUANYRENTTUSEULTEULTIUS nwSanegdemalulainadyguile
nsAsegestinAnuisziugaudnu @il 3 MsUssiliulszansamaniinenssuszuud
U?ﬂmé’ﬁm%zé’wLwﬂiuiaﬁwwqﬁﬁyigwLﬁamsmagmaaﬁﬂﬁﬂwﬂizﬁuqmuﬁﬂm WU NANTT
penLUUNUIIUATIILTRgUITasAlunsWanszuueglusedu snfign denadeariy
U883 Zengxiao Chi, Shuo Zhang tag Lin Shi U 2023 LisunIine1ayansinia ay
antuwaluladudanyiend wudn asdusznaunTeankuUanIUngnIsuTEUUTEUY N3
AATIERULATNITIUIENOANTIUNITADBNVRINTEU VUTEUU MOOC Usenaunig seuu
WYINTAINITNITODNNANAUVDIUNAN Y szuumsﬁauaauiaﬂuguLLUULﬁammuizuu
Massive Open Online Course ﬁgﬂugmwwmﬁamwﬁau AAloNT1aU N1TE0UNDUIEUY
NaIuU Lﬁ@lﬁﬁﬂﬁmsna'mWiamwﬁﬂﬁﬁaamuzmamiﬁUulé’maam’sm LATNE Y
Waudedlfiousunisinuauidedinaininauenadng nsiamunssuuiionswan
aussauzmsSeuvesindny eglusyiu unndiga
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6.2.4 nan15Usuidulssandnimszuuiivinuidandezdiomaluladnislaaiiie
nsasegveatindnyn Funaadnsildainnisldeuszuu fuszneusie 4 dau leun
AUANAINN TN UUAIINABINSH MY Aunisvhaulinuileiduauvesssuy
Frunrudresensldiussuy wagduussaninmuosszuy Taeved 4 dwdl léins
Uszifiuusesszuuiu dodnduiiugiudrdyildlunisusaiiiuiusesszuuldedid
Useangamilnadns aumnuannsalunisnensaldnsinisasegetindnwieglusediu
wnilan aenndesiy aonedoafunuiteres Yaeys lasernn 9 2022 Maduniidased
wanneiionsiaeudadeiinadenisiimaluladnsdsnedssetygusshivsunly
Tngldinafianisdufieg1aLuuianzaiua sLiununungudeg sy 400 au Miagld
weluladnsdswnededugunsaldanios Xiaomi lnglduvvasunuesulatiduniosilely
nsifvsusandeya vdndwihnisieneideyalasldadfidenssuw daldlunis
TATIENAUTNYUTVRILNDULUUABUAY LLav"Lsuaammmgmu FIURINITIATIEN
psAUszNaULTBUsY (CFA) uagnsilasgsimeaiisoaunisidelaseaing (SEM) Tdiile
Anwfuysves maduiusslevildaes n1sfuifennutuiedlisu anuseloviids
dnydnual madiauefnuiediny anuiAsgalamsdnn Aflnuduiusdeniseoniy
wmaluladnisdeieidesiedygyiussiviunly ImEJNamﬁ%’mfmmmﬁﬂﬂ%ﬂ%"UU@@
weluladnsdadssdmiudldluonianld uonand wansfnwdsannseirluldidleriam
sruunsdasneidedlugUnsaldanierdmivesinsgiiadu uazanuinavesliiieadu
anuidedunsldmaluladnisdsieidsafiozanas uazmaluladisnanazdufivousu
Tuaendng

6.2.5 nan1sUsziulsEAnianszuLivinuisensesdnemaluladniadygiie
n135Aegvasin@nyl AruniuAlulasndevesdayaluszuy Ima;ﬁﬁmmmﬁmaé’wé
fuauannsanisBudusiailunisldauszuu eglussiv aniige aenadesiuauide
YB3 NILNIY Uands unInendeuiing U 2566 tadnaus nsdnwideluiidenis@nu
nsvansukazldnumelulagdgyayussAvgiussuy nsAinwvesdniteuszaulseufnu
poulany lassnAdednanlsiiaue nsfnyissunssuuazauided Rerdeanagléi
nsoungufNseeNsumalulagsening TAM wag UTAUT wnUsegndldiu $1uide waglad
mafuTINTINdeyaseuuuasuamesulatannguinEeu thanwlusedu fseudans i
Uszaunmsalldau masldau viemaslinnuaulaluvalulagdygyiuseivg STt sedu
423 au wazliintayaunins1erin1adfnlelusunsy SPSS HaINNISANYIITEAUNYI
Heduidmasronisoouiunazdndulaldaumalulad doygrussiviiuszuunsfnuves
Uniseuseiuliseudnyineulaly 31nn153nngudlnysing fuiitiadefidmaiauan
(Support) laundadesunissusnamalssloviainnisldeau (Perceived Usefulness) Jade
AUNNTTUINIINSSEY ANUdelunsldenu (Perceived Ease of Use) Uadeaugnsnanis

aA1 (Social Influencer) @913 3 Uadpasnandinand NTLYzLazanAaRIAUNUITEDY 9

d
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Mvuayadayadiniunisinausuuaznimagay

1) wenteyaoenduyarneusunasynvaaey

from sklearn.model_selection import train_test_split

¥_train, X_test, y_train, y_test = train_test_split(X_DT, y, test_size = 0.3,random_state=42 shuffle=

A a-1 taensudsgateyatiiosanteyalu Dataset 311U 3,680 fae

Jauusganisineusueendu 70% wazyadeyavingau 20%

2) @saflandudnsunisuseliuluna

x, classification_report

A9 -2 Taadendudusunisuseiiiulua

3) a%wLLUU@i’ﬂaaﬂImmLL@%LU%SUL%SUTNL%@NG} mﬂsqfﬂ%jauua Dataset .nailA
Wiloataya (Data Mining) MinunUszandldlunisaiisuuudiaeslidnuiu 5 waiafe K-
Nearest Neighbor, Logistic Regression, Random forest, Naive Bayes e ¢ Decision Tree

deldlueauuusiasuds mnduihlunageudszansnmiiomlunauuusiaesiiniian
KNeighbors (KNN)

[1 from skleamn.neighbors import KNeighborsClassifier
Knn KNeighborsClassifier()
Knn.fit(X_train,y_train)
Knn_y_pred=Knn.predict{X_test)
Knn_score=Knn.score(X_test,y_test)

evaluation(y_test, Knn_y_pred)

{'accuracy’: 0.8477, ‘recall’: 0.1898, 'F1 score": 0.2559}

A7 A-3 Tuealuudaeedl 1 : K-Nearest Neighbor
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LogisticRegression

[1 from skleamn.linear_model import LogisticRegression
LR=LogisticRegression()
LR.fit(X_train,y_train)
LRy pred=LR.predict(X_test)
LR_score=LR.score(X_test,y_test)

evaluation(y_test,LR_y_pred)

1'accuracy': 0.8647, 'recall': 0.1489, 'F1 score': 0.23297}

A7 A-4 TUealuudnaes? 2 : Logistic Regression

RandomForest

from sklearmn.ensemble import RandomForestClassifier
RF=RandomForestClassifier{n_estimators=450)
REfit(X_train,y_train)

RF_score=RFscore(X_testy_test)
RF_y_pred=RF.predict(X_test)

evaluation(y_test,RF_y_pred)

1'accuracy”: 0.8608, 'recall': 0.1716, 'F1 score™: 0.2538}

2NN A-5 LaLAawuUINaeen 3 : Random forest
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Gaussian NaiveBay

[1 from sklearn.naive_bayes import GaussianNB
NB=GaussianNB()
NB.fit(X_train,y_train)
NB_y_pred=NB.predict(X_test)
NB_score=NB.score(X_test,y_test)

evaluation(y_test,NB_y_pred)

{'accuracy': 0.7718, 'recall': 0.5647, 'F1 score”: 0.4058}

AN A-6 LULAaLUUI1a8s7 4 : Naive Bayes

DecisionTree

[1 from skleamn.tree import DecisionTreeClassifier
tree = DecisionTreeClassifier{max_depth=5)
tree.fit{X_train, y_train)

DT_y_pred = tree.predict(X_test)
DT_score= tree.score(X_test, y_test)

evaluation{y_test,DT_y_pred)

{'accuracy’: 0.8654, recall’: 0.0815, 'F1 score': 0.1432}

AN A-7 LULAaLkuua1a89n 5 : Decision Tree
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Phanintorn Suaprae’ Prachyanun Nilsook Panita Wannapiroon
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ABSTRACT 1 INTRODUCTION

The purposes of this research were: 1) Analyze factars sfecting the
student retention of higher education students, 2) Develop inteli-
gent consalting system models with intellectual technology for the
student retention of higher education students, 3) Design intelli-
gent consulting system architecture with intellectual

for the student retention of higher educatson students, £} Develop
mteliigent consulting systems with intellectual technology for the
student retention of higher education students, and 5) Study the
results of intelligent consultation systems with intellectual tech-
nology for the student retention of higher education students. An
mtelligent counseling system with inteBectual technology for the
student retention of higher education stedents is a system that can
The research has synthesized analysis of factors that affect Student
retention applied to Cognitive technology, machine learning can
provide accurate student retention forecasts Counselors can know
before students drop cut.
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Nowadays, information and communication technology has pro-
gressed rapidly and has became 2 part of everyday activities in the
industry. These areas are part of Thailand's drive into the Thas era.
4.0 Focus on using information and communication technology to
keep pace amadst this change. the company has developed a new
era of digital technology mnovation for learning and integrating
knowledge. Education will be an important tool m raising the qual-
ity of knowledge of Thasdland’s population m time for this change
i educational leaming and bring resources or educational issues
that are spread around the warld to benefit stadents in improving
their learning. Each year the Burean of the Budget allocates sub-
projects. This educational imvestment would not be worthwhle if
the projects do not meet their mtended objectives. The percent-
age of students entering a formal education system. who do not
complete 2ll the coursework requirements for their graduation, is
called the ‘drop-out rate’. “This is an indicator of wastage of ed-
ucational investment”. The purpose of this academic article is to
analyze the factars affecting student retention [1]. The study hopes
to find factors that affect student’s expectations in the design of
educations] carriculum. The method wsed in this study is fo select
the mdividual characteristics of students and their grades as mpat
features to create models to predict their leaming outoomes [2]. In
addition, application of data mming analysis methods is used for
forecasting the daily participation rate of students in educatsonal
institutions assisting those imterested in an educational program
as well as students in the University's Bachelor's degree program.
The case of Thai University Many universities are now adapting to
into acoount the menagement of education based on their shility to
learn, which will encourage universities to survive, compete, and
be an important way to use the archives to make the most of ther
decisions [3]. According to the Budget Bureau's annual stady. it con-
siders allocating expenditure budgets to drive education projects
mio large amounts of money. If the investment in education does
not work, it is worth it. The achievernent did not meet the intended
purpase. Those who come to study in the system cannot complete
all of them, partly to leave mid-study. This research analyzes the
varioas dimensions of higher edncation. The goal is to mtegrate
institutional engagement This supports student decisions to lead
to graduation, and advisory teachers as well as interested parties
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students at

3 P

in organizing edy

2 OBJECTIVES

This research aims to 1) Analyze factors affecting the student reten-
tion of higher education students. Z) Develop intelligent consulting
tion of higher education students, 3} Design intelligent consalting
system architecture with intellectual technology for the student re-

FPhanntom Susprse e o

to things you don't know before, such as solving Ambaguity, which
is a big problem with AL For example. when removing an English
vowel the Al must still be able to read and understand the text the
way humans can. Interacting with other humans - must be able
to commmunicate with humans, possibly via text or voice. etc_ and
must be able to summarize information as important to humans as
easily or naturally. In addition to listening to what humans say or
mpat. they mast be able to understand the context of those content.

vhether it is text or images. The best answer may not be the correct

tention of higher education students, 4) Develop intelligent consult-
ing systems with intellectual technology for the student retention
of higher education students, and 5) Study the results of intelfigent
consaitation systems with intellectual technology for the student
retention of higher education students.

3 LITERATURE REVIEW

This academic article analyzes the contextual factors of student

data relationships that affect student retention to create an "mtelli-

genicmmkmgsyﬁmnﬂlmﬂcdmluhmhgvfuhsm
won of higher educaty

3.1 Machine Learning

The princaple of Machine Learning refers to searching for knowl-
edge i a database, Machine Jearning (ML) [4] has become an in-
tegral part of modern software systems. Unfortunately, [3] [6] [7]
training ML models on large. continuoasly evolving datasets is
still a significant undertaking for many companies and imstitutions,
especially if ML is not their core competency. Building an indus-
trial scale model training platform for such cases involves a set of
challenges. many of which are not addressed by current svstems
availsble in academss and open source. (i) Support for incremental
training and mode freshness: It is highly uncommeon to encounter
large static datasets. In most cases, data keeps being generated
constantly, which is often addressed with an unwelkome trade-off
betmmmngmandamxyhmmgmahgemhxtnf
the data produces accurate models but can b ly costly
mddmnkﬂeummgmmsmﬂupdﬂcs«fﬂndnhk.g.
the last day} is cheaper but might not lead to very accurate results.
Therefore, mdustrial ML platforms have to sapport incremental
ks and to quickly provide accurate and ‘fresh” models. [8] [9] [10]
[11]

3.2 Cognitive computing

Cognitive computing refers to cognitive computing technology
as a computer that mimics the functioning of the buman brain
throagh various methods. inchading natural language processing,
data mining and pattern recognition. or automation. machine learn-
ing. and cognitive computing information technology” Cognitive
Computing is 2 guide to data processing that is not onfy about
artificisl intelligence such as Google Alpha Go. but also five ele-
ments: 1) Big data & analytics 2) Artificial intelligence 3) A system
that understands natural language, image, sound, the same as bu-
man (cognitive experience) 4) Cognitive knowledge management
S)Cmpmgmﬁzﬂrm:Coglmempntmgifmkqfn-
tures can be divided as Adapting to the unk adapts

one. But there must be reasons to sapport why this is answered to-
day. An example of the world's most & Cognitive Computing
system is ‘Watmn'becanseWman'smpbﬂiinh:vee\dvadb

yond onlyﬂ:e d i the database It is
a matter of three ek di din g and learning.
&sedmchxmchdmgmmimﬂmm,m\lnﬂsﬂm\vm
fe “Cognitive Computing” {a large data processing system
that is learned). [12]

33 Stud:ni retention in Digital University

Stud means k dents with the Ideas
mhowmh«pmdmhgthmgtomhpﬂn)d'ed-
nmxnmcdmgmﬂwqmlnvo(g:zhm[ﬂ] [14] following
the 1 higher ed n quality standards framework. stu-
dents should be ready for study. High student retention rate High
coerse graduation rate Students are satisfied with the carricuium.
Existence Graduation. satisfaction, and results of stodent complaint
management. [1] [2] [15]

3.4 The advisory system

The advisory system refers to 2 group of teachers who are officially
appcmdbyahlgured:mtmunsmnmnmwvﬂeﬁmm
all aspects so that student: d in their studies. [16] [17]
Thcmmkzmnpmwnhsmdemsfotmdmngthtmeof
exit [18]. 1) Separation Stage 2) Transition Stage 3) Incorporate
Stage Concept "Triage” if higher education institutions were the
battiefield for the wounded here. #t means that students are divided
inta 3 groups: 1) The ensecured groap of the mpured will die. 2) the
injured, who have not yet been rescued as well but are still, 3) the
will survive without help. will not be abie to survive the theory of
student transition [18]. Changes are natural according to human
age and changes due to the environment. The impact of the en-
vironment an student development 1) clarity of purpose. palicies.
including practices and activities, 2) the size of the institution. 3}
the curriculum. teaching Evaluations include coarse flexibility. 3
program that can be evaluated, or how 1o teach Student Partici-
pation and Impact of Evalation 4) Organizing Residential Rooms
Close friendship between students and institutional personnel 5)
Faculty studying student care management 6) Group of friends in
the academy effectively. [19] [20]

4 METHODOLOGY

The method of this research are to analyze from documents, theories
and related researches in order to synthesize the content divided
This article uses the principle of data analysis with CRISP-DAL 2
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Figure 1: the Process of CRISP-DM. [21]

standard data analysis process that is widely used, as well as for iso
processes in business [21] [22]

From Figure 1, the Process of CRISP-DM consists of 6 Phase:
Phase 1 The business situation should be assessed to get an
overview of the available and required resources. The determi-
nation of the data mining goal is one of the most important as-
pect in this phase. First the data mining type should be explained
(e.g., classification) and the data mining success criteria (like preci-
sion). A compulsory project plan should be created, Phase 2 Data
understanding Collecting data from data sources, exploring and
describing it and checking the data quality are essential tasks in
this phase. To make it more concrete, the user guide describes the
data description task with using statistical analysis and determin-
ing attributes and their collations, Phase 3 Data preparation Data
selection should be conducted by defining inclusion and exclusion
criteria. Bad data quality can be handled by cleaning data. Depen-
dent on the used model (defined in the first phase) derived attributes
have to be constructed. For all these steps different methods are
possible and are model dependent, Phase 4 Modeling The data mod-
elling phase consists of selecting the modeling technique, building
the test case and the model. All data mining techniques can be used.
In general, the choice is depending on the business problem and
the data. More important is, how to explain the choice. For building
the model, specific parameters have to be set. For assessing the
model, it is appropriate to evaluate the model against evaluation
criteria and select the best ones, Phase 5 Evaluation In the eval-
uation phase the results are checked against the defined business

objectives. Therefore, the results have to be interpreted and further
actions have to be defined. Another point is that the process should
be reviewed in general. Evaluation at this stage, we will analyze the
data with data techniques. However, before continuing to use the
results, the performance of the forecast patterns must be measured
based on forecast accuracy and predict forecast error measurements,
And Phase 6 Deployment is the use of resulting data that shows
useful knowledge from the use of CRISP-DM working principles on
university education. In the development of “Intelligent Consulting
System with Intellectual Technology for The Student retention of
Higher Education Students", It is necessary to analyze factors that
influence student retention, thus synthesizing documents for the
acquisition of factors that affect Student retention as shown in Table
1

From Table 1 describes factors that influence student retention,
including the academic ability. Social competency, student back-
ground information, family, and social support that students are
in.
From Table 2 describes the synthesis of documents that can
identify up-to-date algorithms and can be used to create student
retention information system forecast model templates. By synthe-
sizing documents and studying knowledge about data science, the
research conceptual framework can be designed as follows: Student
retention



ICCCM '21, July 16-18, 2021, Singapore, Singapore

Phanintorn Suaprae et al.

Table 1: shows synthesis of factors that affect the student retention of students in higher education institutions.

Variable/Factor JoanaR, Urhana Markeya Travis Tatiana  Young, Ahmed Seema
Cris- Roslan,  S.Peter- Muncie Car- SoniaN, A Rawat.
tiano Jamil. anetz, (2020) dona, Vanwye. Mubarak. (2021)
Mauro.  (2021)  Leen. (1] Eliza- (2019)  (2021)  [28]
(2021)  [23] (2020) beth A, [26] [27]
3] [24] (2020)
(25]
Age v v v v v
Gender v v v v v v v
Education Goal v v v v v v v
High School Grade v v v v v v v v
Academic Performance v v v v v
Grade Point Average (GPA) v v v v J v v v
Math v v v v
Major Selection v v v v v v v v
First-year Grade Average v v v v v v v
Social Support System v v v v v v v v
Hours of Employment v v v
Finances v v v v v v v
Table 2: shows the synthesis of machine learning processes used to create forecast models.
Cognitive Technology
Process CarlosA. Ahmed Seema  Muhammad, AndyE.  Ibrahim Sophie Shubham Ly,
Palacios, A,Han Rawat, Ghulam Williams, ~ Yitmen, Sepehr  Schiff, Agrawal,  ZhihanQiao,
José A, Caoa, Deepak Hossain[29] Nenad Alizadehsalehi  Dakota A.  Srinivas  Liang, (2020)
(2021)[3] Ibrahim Kumar Petrovic.  (2021) [31] Egglefield. Peeta. [34][35]
M (2021) (2021) (2021) [32] (2021)
(2021) (28] (30] (33
27]
BigData  V/ v v v v v v
Machine v v v v v v v v
Learning
Method
Decision v v v v v v
Making
Artificial ~ / v v v v v v
Neural
Network
Figure 2, Figure 3 presents the work of the structure System 5 RESULT

framework of intelligent consulting systems with intellectual tech-
nology. a system that can find patterns of predicting student re-
tention factors and can be modeled for predicting academic per-
formance levels. Finding students who are experiencing higher
education problems or may be removed from education is better for
students to change and plan their educational future. It also guides
you in deciding to register. Student Study Planning.

Research articles can present the adoption of technical factors using
data mining data analysis methods. To help determine the relation-
ship patterns of information, factors that affect student retention. By
analyzing the documentation, the process found that better results
than the requirements for choosing data mining techniques should
be comparable to accuracy [35). Models combined with tutoring
plans are very useful for improving student retention rates. The
process of finding factors that affect student retention will benefit
the university in maintaining student numbers and greater satis-
faction with university administrators who can increase university
income, and this article brings innovative origins to the benefits

175



176

System framework of intelligent iting systems with

ICCCM 21, July 16-18, 2021, Singapore, Singapore

Figure 2: the structure of System framework of intelligent consulting systems with intellectual technology.

Figure 3: the results of the structure of System framework of
intelligent consulting systems with intellectual technology.

of data mining as part of improving the quality of education di-
rectly to learners. Such information can be used to consider the
management of the curriculum to suit the students directly to the
learner. In addition, the researchers are of the opinion that they can
consider the management of the curriculum to suit the learner.

6 CONCLUSION

Many universities are now adapting to the digital world. Both
teaching and research Universities should take into account the
management of education based on their ability to learn, which will
encourage universities to survive, compete, and be an important
way to use the archives to make the most of their decisions. An
intelligent counseling system with intellectual technology for the
student retention of higher education students is a system that can
reduce students’ mid-exit rates and increase student retention rates.
The research has synthesized analysis of factors that affect Student
retention applied to Cognitive technology, machine learning can
provide accurate student retention forecasts. Counselors can know
before students drop out. Keeping students is a good process of
increasing university income.

ACKNOWLEDGMENTS

The researcher would like to thank Faculty of Management Science
Phibunsongkhram Rajabhat University and Division of Information
and Communication Technology for Education Faculty of Techni-
cal Education, King Mongkut's University of Technology North
Bangkok Bangkok, Thailand for their full support and promotion
of this research.

REFERENCES

(1] L.C.Hafer, N. M. Gibson, T. T. York, H. R. Fiester, and R. Tsemunhu, “An Exam-
ination of Student Retention at a 2-Year College Through Structural Equation
Modeling” J. Coll. Student Retent. Res. Theory Pract., vol. 22, no, 4, pp. 550-571,
2021, dok: 10.1177/1521025118770813.

(2] [2] €. Tungpantong, P. Nilsook, and P. Wannapiroon, “A Conceptual b
of Factors for Information Systems Success to Digital Transformation in Higher
Education Institutions” pp. 57-62, 2021, doi: 10,1109/iciet51873.2021.9419596.

(3] J.R. Casanova, C. M. A. Gomes, A. B. Bernardo, J. C. Niiftez, and LS. Almeida,
“Dimensionality and reliability of a ing i for students at-risk of
dropping out from Higher Education” Stud. Educ. Eval,, vol. 68, no. December
2020, 2021, dok: 10.1016/] stueduc 2020,100957.

{4] M. Berriri, S. Djema, G. Rey. and C. Dartigues-Pallez, "Multi-class assess-
ment based on random forests” Educ. Sci., vol. 11, no. 3, pp. 1-12, 2021, doi:




ICCCM '21, July 16-18, 2021, Singapore, Singapore

10330 educscil 1030052,

[5] C. Jeffery. “To See the World in 2 Grain of Sand": Wolfgang Laib and the Aes-
thetics of Interpenetrability” Relig. Arts vol 17. no. 1-2, pp. 57-73, 2013, dai:
10.1363/15685292-12341254.

[6] E. Likerty et al. “Elastic Machine Learning Algorithms in Amazon Sage-
Mazker” Proc. ACM SIGMOD Int. Conf. Manag Data, pp. 731-737, 2020, doi:
10.11453318464 3386126.

M ECM(MMEUMMW\{CWMM i
Machine " Malaysian Online J. Educ. Technol_ vol 9.ma L
PP 2647, 2020, doi: 10.17220/mojet 2021 9.1 242

[a]ummcmmm- demic Achi with Machin

" J. Educ. Technol. Online Leam_ vol 3, no. 3, 2020, doi:

Leaming
1031631 etol 773206
[9] Y. Mourdi, M. Sadzal. W, B. Fathi and H. El Ksbtane, “A machine learning based
approach to enhance MOOC users’ dassfication” Turkish Online ] Distance
Educ_vol 21, no. 2 pp. 54-68 220, doi: 1017718 TOIDE 727976,
[10] D.N.Lu H.Q Le, and T H. V. “The factors affects of eeamming: A

>

machine learning algorithm approach” Ednc Sci. vol 10, no. 10, pp. 1- uznm.
doi: 1033%) educscild100270.

[11] M do C. Nicoletti and O. L de Oliveira, A Machine Learninz-Based Computa-
tional System Proposal Aiming at Higher Education Dropost Prediction” High.
Educ. Stud, vol. 10, 20, 4 p. 12, mdncuji”!haﬂhipl?_

[12] MMPM&MKM CagmneC Archstecture Tech-

" IEEE Access, vol. 6, pp. 1977419783, 2018,

doi: 10. ll%.ﬂccmlmlﬁ9

[13] N. Sengsom. P. Nilsook, and P. Wanmapircom. “The synthesis of the student
relationship mansgement system using the internet of thangs to collect the digital
footprint for hsgher edacation mstitutions” Int. . online Bsomed. Eng_ val 15,
mo. & pp. 99-112, 2019, dok 19.3%9V/ijoe v15i6. 10173,

[14] D.Beensno-Fernandez. M Gonzalez, D Gii. and S. Lujan-Mora, “Text Mining of
Open-Ended 0 = 5elf-A of University Teachers: An 1A Topic
Medeling Approach” [EEE Acvess, vol. 8, pp. 35318-35330, 2000, doz: 10.1H0%/AC-
CESS.2020.2974983.

[15] H. He. Q. Zheng, D. Di, and B. Dong, “How Learner Support Services Affect
Student Engagement in Online Learning Environments.” [EEE Arcess, vol 7. pp.
4996149973, 2019, doi: 10,1109/ ACCESS 2019 2916589,

[16] J. Wgardner, "OF THE CALIFORNIA ADVISORY TASK FORCE ON ALTERNA-
TIVE September 2020 na. S der. 220,

[17] RJ,KBdL'ImdmnghmmSﬂeEdﬂmm Natl. Assoc. State Boards
Edac_vol 27, po &, 2020

[18] C.LBryce. A M ] Fraser, R A Fabes. and B. L Alexander. “The role of hope =
college retention.” Leamn Individ. Differ. vol 89, po. May, p. 102033, 2021, doi:
101616 Jindif 2001160033,

[15] M. Rzhman and M. W. Kang, “Safety evaluation of drowsy driving advisary
system: Absbama case study! J. Safety Res, vol 74, pp 45-53. 2020, doi:
101016 JST2020,04.005.

[0] Mlogax.ia-dxdldean‘n."HS@xho*n 2nd middle school-
ers’ comnections in their schools: Belats disciplinary

177

Phanintorn Seaprae et al.

referrals, and failed courses”” Natl Yomth Risk ]. vol 4 mo 2, 2021, doi:
1020429 nyar] 2021040203

[21] C.Schrder. F Kruse, and ]. M. Gamez. “A systessatic litersture review on applying
CHISP-DM process model” Procedsa Compet. Sci.. vol. 151, 20, 2019, pp. 526-534,
2021, dot 10.101&/] procs 2021 91.195.

[22] S.Dodge. “A Data Science Framewuork for Movement” Geogr. Anal, vol 53, no.
Lpp 92-112, 2021, doi: 101111 /gean 12212,

[23] 1 E Nieuwondt and M. L Pedler, “Stodent Retention in Higher Education: Why
Stodents Choose to Remain at University” | Coll Stadent Retent. Res. Theory
Pract. 2021, doi: 10.2177/1521{Q5120985228.

[24] M. S. Peteranetz and L X Sob Anmh-levdamlpusd’krdanm-
ship between instruc-tonal practices and m science]
AmConihmanedmnlCaqlﬁ.SaEthr.lTﬂ.w 3743, 2020, doi:
10.1145/33287T8.3366812.

[25] T Cardona, E. A. Cudney. R. Hoerl, and ] Smyder. “Datz Mining and Machine
Lezming Retention Models i Higher Education” ]. Call. Student Retent. Res.
Theoey Pract. 200, dai: 10.1177/1521005120064920,

[2¢] S. N Young W. R Vamwye, M. A Schafer. T. A_ Robertson, and A. V. Poore,
“Factors Affecting PhD Stodent Ssocess.” st | Exerc. Sci, vol 12,001 pp. 3445,
2019, [Online]. Avaable: bitp//www.nchinlm nih govipubmed 30761 191504:
btpe/'www pubmedcentral nib gov/articlerender frg?artid=PMCS355122.

[27] A A Msbarsk H Cac. and L M. Hezam, “Deep Analytic Model for Student
Dropout Prediction in Massive Open Online Cowrses” Comput Electr. Eng., vol.
Accepted (. no. Juse, 2021.

[22] S. Rawat, D. Kumsr P. Kumar. and C. Khattri, “A systematic analysis usng
chssification machine learning sizocithms to understand why Jearners drop cut
of MOOCS” Neural Comput. Appl vol 3, 221, dok.18.1007/500521-21-06122-3

[25] G. Mshammad 2nd M. S. Hossz for Cognitive Edge

IEEE Internet vl ne.c, 2021,
m}xﬁ#wm Things ]. vol 4662 no. ¢,

[3] Q Pan, “The Role of Cognitive Computing and Collective Cognitive Computing
i= the Future Internet Andy E Williams1 " Nezad Petrovic2 INcbeah.” Computer
(Loag Beach Calif) pp.¢-2.

[31] S. A Thrzham Yitmen, Aanm:dlbddmCopnhm, 2021,

[32] S. Schiff et al, “Who bezefits from comp d cognitive traiming? Lower pro-
cessing speed predicts greater cognitive impeovement” | Affect. Disord.
vol 5, no. November 2020, p. 100149, 2021, doi: 10.101673 jadr 2021.100149.

[33] S Agn-zl;ndi?eeh,'ﬁyhﬂmuk:bmmddmhm«mg—
mtive effects of real-time fravel i ion using physiclogical data” Transp.
Res. Part F Traffic Psychol. Behav. vol 81, no. April. pp. 223-239, 2021, doi:
10.1016/].4rf 2001 .05.021.

[34] Z.lv:niLQm'DeQHmfm‘kmdlmpamh:dmgmm!
computing for collaborative robots” Appl Soft Comput. J. vol. 92, p. 106300,
2020, dok: 10,1016/ asoc 2620106300,

[35] S.Kaffash, A T Nguyen. and ]. Zhu, “Bag data algorithms and applications
intelligent transportation systemr A review and bébliometn: analyss” Int J. Pred.

Econ_, vol. 31 no. July 2020, p. 107868, 2001 doi: 16.101/ 5pe.2020.107468




178

510000013377 | B voomGacstnet | MO0 Fi 23090000 (GMT 48 Time Zo0u)

7|CCCM The 9th International Conference on Computer and Communications Management

July 16-18, 2021 | Singapore

Call for Papers T NIET ans Hestory

W fully undestiona some partiopant

Singapore | July 16-18, 2021 cannot attend the conference due to

COVID-1S In INs case. you cond

th choose
Vore TW( aley
cnies he organtzer
v " | n N

e o1Y Paricig e

k aring  the nference.  Leke

every T teroenature befare

com@lacsit.net ‘e ioes ' infearmimion

2021 9th International Conference on
Computer and Communications Management

xout online prosentation

N1049 ICCCM 2021 notification D nsassemens & B2

Dear Phanintom Suaprae, Prachyanun Nisook and Pansta Wannapiroon,

Thank you again for the submission!

This emat & fo inform that your paper fitied "System framework of infeffigent consulting sysitems with nfelieciual iechnology” is accepted by ICCCH 2021
and will be pubkshed in the Intematicna! Conference Proceedings Senes by ACM (ISBN: 978-1-4503-9007-1), which will be archived in the ACM Digital
Library, 2nd indexed by Ei Compendex, Scopus

Attached is the review form and nofification

Please follow the instructions on page 2 of the notsication fo complete the registration before July 10

Note:
In case vou coudd nof Ztend the conference for COVID-19, you're weicomed to attend ihe oniine sessions! The paper will be published normally.

The email to complele the copynight will be sent in July

Shoudd you have any inquiry, piease feel free io emad us



179

ACM Copyright and Audio/Video Release

Title of the Work: System framework of intelligent consulting systems with intellectual
technology
Submission ID:N1049

Author/Presenter(s): Phanintorn Suaprae:King Mongkut's University of Technology North
Bangkok;Prachyanun Nilsook:King Mongkult's University of Technology North Bangkok:Panita
Wannapiroon:King Mongkut's University of Technology North Bangkok

Type of material:full paper

Publication and/or Conference Name: The 2021 9th International Conference on
Computer and Communications Management Proceedings

. Copyright Transfer, Reserved Rights and Permitted Uses @
* Your Copyright Transfer is conditional upon you agreeing to the terms set out below.

Copyright to the Work and to any supplemental files integral to the Work which are
submitted with it for review and publication such as an extended proof, a PowerPoint outline,
or appendices that may exceed a printed page limit, (including without limitation, the right
to publish the Work in whole or in part in any and all forms of media, now or hereafter
known) is hereby transferred to the ACM (for Government work, to the extent transferable)
effective as of the date of this agreement, on the understanding that the Work has been
accepted for publication by ACM.

Reserved Rights and Permitted Uses

(a) All rights and permissions the author has not granted to ACM are reserved to the Owner,
including all other proprietary rights such as patent or trademark rights.

(b) Furthermore, notwithstanding the exclusive rights the Owner has granted to ACM, Owner
shall have the right to do the following:

(1) Reuse any portion of the Work, without fee, in any future works written or edited by the
Author, including books, lectures and presentations in any and all media.

(11) Create a "Major Revision" which is wholly owned by the author

(i11) Post the Accepted Version of the Work on (1) the Author's home page, (2) the Owner's
institutional repository, (3) any repository legally mandated by an agency funding the
research on which the Work is based, and (4) any non-commercial repository or aggregation
that does not duplicate ACM tables of contents, i.e., whose patterns of links do not
substantially duplicate an ACM-copyrighted volume or issue. Non-commercial repositories
are here understood as repositories owned by non-profit organizations that do not charge a
fee for accessing deposited articles and that do not sell advertising or otherwise profit from
serving articles.

(iv) Post an "Author-Izer" link enabling free downloads of the Version of Record in the ACM
Digital Library on (1) the Author's home page or (2) the Owner's institutional repository;

(v) Prior to commencement of the ACM peer review process, post the version of the Work as
submitted to ACM ("Submitted Version" or any earlier versions) to non-peer reviewed servers;



181

3

UsziRgIde
0h) C YIERMUNT LHDWNT
FInelnus ¢ sruuivinwndaaermsmalulagniedygiienisaset
VBIUNANYITEAUDAUAN
AU - wAlUladasauNFLAZNSERANSINENSAN®YN
UsgIn
UszIRn1sAnw

WA 2567 dnsanisAnwssiuliyaen wanansusvanauivadin (Us.e.) @i
weluladasaumanaznisdeansiionsfine niadvasmaniinaluladuazarsauine
AREATANANSARAYNTIN UnTINeNdewmAluladnszauna I NTTUATWLE

w.f. 2546 d159N15ANWITEAUYSYY 1IN nanansinermansunidudin (3n.u.)
a9 NALULA TN TAUNA AZINGIFIERNT UNINSIRBULIAS

w.A. 2544 dSansAnwiszauligans wdngnsifienmansdudia (an.u.)
A191INYINTADUTNINDT ALLINGIPNEARNT UNINLIRDULTAS

UsgInnisvinau

WA, 2566 — 99U AgNIIUNTTUSEINAULINGINITIANTT UMNINGIRETIVAN)
WyaeaInsIw

w.el. 2548 - U990 819138UsEdmanans anvivinisdnnisnalulagansaumna
ALINYINITIANTT UNINLIRYIVA NYAHIATIN

NAITUNIIVING
Suaprae, P., Nilsook, P., & Wannapiroon, P. (2021, July). “System framework of intelligent

consulting systems with intellectual technology.” In Proceedings of the 9th
International Conference on Computer and Communications Management.
: 31-36.

Sritong, Chaloempon, and Phanintorn Suapra. (2020). “LmeNﬂ'ﬁﬂ’mmsViaaLﬁmammw
Farinn1eyauys wdsaniunisal e 3m 19.” Journal of Humanities and Social
Sciences Thonburi University. vol. 17 no.1 : 44-56.

Inewally ., [@ouns i, uag J&a w., (2013). “Apply regression analysis and fuzzy logic to
forecast the students status in curriculum of Business Information.” JIST. vol. 4,
no.2, : 24-29.



182

Uvwa yayds, widluns dens. (2561) “mstmunduuuuszuuasaumaiionsiGousiime
fondl nsdlfnw yuruihmion duaunslant sunetames Swmieivalan.” ns
Uss i Inmsseauei” “Uetmiiuisy” il 5 Ussdlinisinw 2561 “ysan
n1391u3de dFuladeutasugialnedisuanssa.” (. 922-930). WWeelual:
IR UBTLIITU.

dnongdl Inewidy, nluns Ldouns, wazwgs 189, (2022) “n1sUszendldizinsiey
ANannessNfunTInAIaniaquiniaiiengnsalniswuanIndndnun
anvivinaluladansaumnagsna.” NCIT2022: The 14th National Conference
on Information. Technology 10 - 11 November 2022, Nonthaburi, Thailand

HAIUNS LEOUWNT UazaAny. (2564). “MIimuIssuuuImsianisvesslafaluaniudne.”
(nih 426) nIsUssaITINITSEAUTIFATIT 10 UazuIImBASIT 3 nenmsdnms
391775 2021 “winnssun5ILgnIseNTEAUATYEAIFINTIA.” ) AUSTAUTTTY
MAWanaua1 efunisnedin wninendusudgiyaansiy, udi 22 NUAUG
2564, Jainfiwalan

NEluvs Wdouns uasany. (2564). “nsimunszuuivkeundnduduiingesu-sedne 51
Rika Taiyaki (@1913u.).” (11 457) m':rz/izsgi/??fm75'55@”11%7&7@?3\777/ 10 uae
WA AT 3 INeInIIANITIVINGG 2021 “uinnsINN15ITEgNISENTEAY
AsYNRgINTIN.” d AudinusTsunamtensuals 19dunssiesin uninendy
A RYAIATI, Uit 22 nUANRUS 2564, Jandnfiwalan



	Titlepage
	Abstract
	Acknowledgements
	Contents
	Chapter 1
	Chapter 2
	Chapter 3
	Chapter 4
	Chapter 5
	Chapter 6
	Reference
	Appendix
	Profile 



