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ABSTRACT

The teaching support system of grouping students according to their
learning styles is a method to contribute teachers to prepare lesson plans, improve
instructional media, strategies of teaching, and effective assessment. The Index
Learning Style (ILS) with students studying a bachelor's degree from year 1 to 4 and
student in secondary 3 was used to assess the learning style and test the
appropriately stratified model, which could be used to organize the number of
groups of students in the class to suit instructional media, strategies of teaching,

effective assessment and educational resources.

The research found that it was possible to refine model parameters to
increase segmentation efficiency by learning style and reduce the iteration process of
the data set. The clustering of the dataset was to Euclidean Distance, and Ward
Linkage was the optimal algorithm and parameters. To recommendation to group
students according to their learning styles into 6-8 groups, which gives the %Change
value that meets the conditions and is suitable for grouping data. Based on
experiments with four data sets of student learning style data sets with less SSE than

other parameters.

Parameterized segmentation models to learn student learning styles,
which effectively results in segmenting educational data sets. The optimal algorithm
and parameters were Euclidean Distance and Ward Linkage. The optimal number of

clusters for recommendation in clustering was 6 to 8 clusters. This model could be



adapted to other learning style data and would contribute to developing a system to
support the grouping of students according to their learning styles appropriately by
finding suitable parameters for the data set. The results of this research could be
effectively and appropriately applied in the development of different clustering

models in the future.

Keywords :  Index learning styles, Student Grouping, Hierarchical Clustering, CRISP-
DM
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'
1 a

agineliulTaeinen1TIdeludiunsfinel weeguuuunisiseus wasmallanisuuingy

Y

=

eliidlanwifn wasnadns Wisuieunan1sidendetiunan1sidenazin
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2.4 wwi3eatlenldlun1sinsieniveya Minitab
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2.2 Msviuviiastaya (Data Mining Techniques)
n15vwilesdeya (Data Mining Techniques) U unszuIuNIsAUNIFURUY
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Supervised Unsupervised
Lerning Lerning

Association

Classification Regression
rules

Clustering

Bayesian

Networks Apriori Hierarchical

Decision Trees K-Means

Neural
Networks

A9 1 nszuIunswmatianisimilesteya

Supervised Leaming unsieuiainteyaiifinsmevaussdenadns (Output) 7
Aoanslauiuiaziag1evelaya laediteya Input waz Output ﬁLﬁuﬁayjaaau (Training
Data) Wileas1aluna (Model) fansnsaldvirunenadnsanndoua input Tnsi 9 AliAediusn
rouls TaesnianlflusnuiiFeuinsduun waznisaanisaiognatu mssuundaves
sanilungu wson13AIAnIsalsIAveIiy 138 uBwaRdITwunInTuBudauduniely

Wuduy

Unsupervised Learning L‘fJuﬂSSUUumiL%'EJui"‘UENLﬂ%aﬁﬂi (Machine Learning) %

Lildsunisapumedeyanirnounionaas lnen1siseuiiavlddeyanliinisines

Y

mnangvselifinnsneunduilunadng (Unlabeled Data) iemaiuduiusviolaseaing
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navnildnuuraaeiu lngaglideyaiBedinune (feature) viaamauUfs1e vatoya
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a A

Uoya (Data Mining) nselunsiinsgvideyatiiomdeyanidnvaeadeiuiieaswaiavse

Y

Wnszvideyanoly egndlsinnu nsudngudeyalilasunisimunduyaies widesende

Y

N1538U3IINNITIANGURUUAIBE1 (example-based learning) laglduuiAnvesmannIs
aames (clustering principles) LiloAUMIAMUAGI8ATITENINToYaNFABIN1TIANG LU T
Bn1sinnquuuuilazyieliaiuiseadndeyandudoussnuniuaiszddy wazyie

U

Ussananadeyalaegadiussdngnm

& ad ! ! . Y . . =~ v
K-means 1WWI5N13uUengu (clustering) ¥93v03atUyu unsupervised learning Gl
TBN1IM1gAAUENand (centroids) veanguuaitdeyanmunudnngulagldseuenisvodus
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Hierarchical Clustering {w3sn1suvsngudeyalunisvia Clustering Inefideyaazgn

1 < 1 1 2 = % ¥ Q‘ﬂ‘&} a 1%
wiseanidunguges q muauaaeadaiuveddoya lagdslaziin1sasna Dendrogram
(Diagram wuusiuly)) Fanansdanuduiusvestayalusluvuvesiulsl denind 2 lay
Dendrogram azuanideyaunazdududmuuieatusiuldl waznisuiainguazsuiuain
Aa v = o q' Y I a =1 4' ] v o o
yandianuad1eafsiuuIniign wazasianguitungauluies 9 aundivsladiuiungud
Aoansuselianunsauvinguladnsdely lnedsn1sminguiimunzauazly Linkage Method
Fulwisnsmanuduiusvestoyalunisadia Dendrogram lnedl Linkage Method 5 wuu
laun Single Linkage, Complete Linkage, Average Linkage, Ward Linkage W& g Median

Linkage



Hierarchical Agglomerative Clustering
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v
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ANA 2 TuRBUNSTWUINGUWUY Hierarchical Agglomerative Clustering

2.3 Yupaunsvinmliesdaya (Data Mining)
° v O ° a v R I a v
dmsutuneunisviumvilestaya (Data Mining) {WuNTEUIUNITNAUMIFULUY Uag
o v 6 v = o IS 14 d' a v Q’l’ v
Anuduiusaeluyadeya delunseuiumsihmilesdeyawuunldluanidedlduuy CRISP-

DM (Cross-Industry Standard Process For Data Mining) ﬂﬁzuauﬂ’lﬁmmg’mm%}ﬁﬂw%ﬁ

¢ =

nsviumilesdeya ievin1siined wazilUldusyleviniegsia Jeildnwuzves
nsruIuN1s Manndl 3 TneUsznaudedunsuseluil

- Business Understanding (intadeyminiessia): 3andymniegsia wazimiug
Inquszasdvedlasens ielvimaivilesdeyaaunsoudluiymldenaiiuszansam

- Data Understanding (ladiaya): Anwiuazidnlatoyafifuiugiudmiunis
willesdeya 1w nsfiusiusiudeya Aunwvestoya uazauauysaivestoya

- Data Preparation (in3esdeya): mawiesdeyaiiielramsaiuiinsgild 39019
Usgnausenmsvhauazeindeya nsulassuiuuvesteya nsauteyadiliiieades 1y
A

- Modeling (n3asluna): [waia uasdanesfiusen Weadslunaiivangauiu
foua 1wy MAeTgindnmsanuduiug mslesgitadefidmasienadns nisaiislua

a ¢ & v
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- Evaluation (M3Usziliuna): n1sUsziliunavedunanasiedu laglidayanismagey
Wenadeulumaniaausannladymlaegeiivsyansnmmiolil
- Deployment (Msilunaluldam): nsthlumaiasi@uiunzauign Wldeu

MU AT wazuATemfesnis

Data
Understanding
1 Data
Preparation
Modeling

~ Business
‘Understanding

Deployment

AW 3 nsvuuNsmileatayaluu CRISP-DM

2.4 Uszianvasdayanaunsayin Data Mining

Data Mining anansavirivussiandeyaneluila:

a @

. v Y 1 a < I v
- Numeric Data: Udan UURIAY LYY PN, 1A, AT Wunu

- Categorical Data: Toyaiduniavy wu &, dyunf, Ussunnvesdudn Wusiu

a

- Ordinal Data: Yeyaimunnuduiusvemuinny Wy seaun1sine, a1y, seeu
= ) v
AUNanela Wuau
- Text Data: Yayafidudoriu wu unay, feprnunleduaiiie (Dusiu
v A g 1 1 1 ¢ & £
- Image Data: UayavidunIn 1wy §Uae, nMma1en1asen Lliunu
- Time-Series Data: Tayaiudduresdoyaniuian wu 5919y, aamginiy
1 [~ g
B9987 L UUAY

LY
v Y

- Spatial Data: Yeyafiienduiiinigu fidafisdewessiudn, fide GPS WWudu
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2.5 dnwasiawizvasdayailldviumilasdoya

- fUsmaann: deyailiviuvilesteyainasiiviinamn dsenafusuuuumnmie
Inlddoyadu 9 wu nmarevielndides

- anawannviane: Teyailiviunilesteyatnaziiniamannvansluudsing q 1wu A
g9 i 91y ine d1udl vide e

- fanaliluduou: deyadldviniesteyaindanuliuiueu Wesndeyatiusinan
Nnuvaasing q Aliamsaniuauld 1wy degaanlndeaiiie doyaniseodsasy
soulatl Wudu

- fmnududeu: Teyailtvinvilostoyainiinmdudeu esanildeyanaresuuuy
uazdeyaiiifertestudoutu wu deyangudeyassuumsinnsadsdud Joya

INTEUUNNTIANITLTNU Lazdu 9

2.6 WuIAATUNISHAILIAIUNTANEN

szvvatiuayunisaeulagld Index of Learning Style (LS) iuia3osiloTndnuas
msi3eudvesinGeu wazindnuiiilafuaudeunnlunmsAnuiumsativayunisaou
wazgmsiFeusluanndunisinu leefidmaneiedeliaudiaulonisaeu uaznsious
aunsaszydnwaznsBeuivesnutedld Insuszneusemanuiieeniuuaitedaruatin
Tunsdousd waeilewasedunismeudniuagléfunadnsindidnuazns doudeglungulyu
IngUsznaudesaianuduiusioun 4 a3y lawn n153U3 (Sensing) waghin
(Intuitive) N15AA (Visual) kazfin (Verbal) n13t38u3 (Sequential) waw (Global) waznas
Andula (Active) waz (Reflective)

fafumisldssuuativayunisaeuansaraeliensd uasdaouannsonadey
wazdfudgsnmsaeuldlimngausiudnuazmaioudvesindeunietindnylududou ne
annsnuuzinguivanzanvesiniieuuiasauluiuiieu neflideadonalumsdung

AnwuzYaIunsouluTus oY wazA YU RNRLTUNITNAFOU WATASIVABUSNYULNT

a k4 v a
bIYUIVDIUNLTYU

2.7 Mmynszingudayadiemeaiia Clustering
Clustering tUumafinlun199 Data Science MFona1 “Unsupervised Learning”

Fadunismdeyaiddnanteya Inedeyatuarlifinisssyusuinndeya niauuwiing
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WllaUNU” 1Wneniy

Unsupervised leaming iudanesiiunmsiseusvesasssussinvmilaiilumalazunis
Aneusuluyadeyalagliifiiordnavsenismivguanidrediiu iWmunevesnisiseushuy

¥ Y

Lififaeupanisiumsduuy anuduius viselassasingluteya wunagldteyaniide
mAuiieriinisanazi adaniluvesnisSeuiuuuliigaou lauwa n1sdnngu n1san
Y9 Uagn15nTIaTuauRaUng Tumatiameaiil dauuuagnereuiteuslasaasiesiugiy

voufoyalagliideyala q uineufeliuaaInusenaIany Lagduediugideazhniy

RGNS WarSEUFUMUUNEANNMINY

Observations #1538 “Data Points” winefadeyaisiusiurunsdann duiin uaz
fadnwauzsneg 18esEUU n3rUILNT ieusngnisal deyatoradudeyaianmanvie
WaUTuna warannsatuiindiedsn1seneg Wi nisdunalagnse nM13d1513 vsen1snaaes
msdanadarmddylumsidouasnisiiesgideyaidesnfuiugudmiunismeaey
amuﬁgmuazﬁﬂmsaqﬂLﬁaaﬁUﬂaﬂmﬁmﬁuéLLangquﬁjugmiwﬁagaﬁﬁé’ﬂwmzmﬁauﬁ’u
#io Data Points fleglndfiu #935lunmsmindean “szezm1e” vide Distances 5311914 Data
Points Iag Data Points filszezlndfufife Data Points Mldnwaugziviloudu n1sdangy
(nunefils au dnd Awwes ude 83dns “am) wieilunisdndauys senilundueen « daud 2
nautuly nquileglunguieafuasdidnuasfimilousu wioadefu drunduileginanguiy
wildnuniuanseiu

- shuvsfleglunguifeniu axlimnuduiusiunnnifiudsiogainsnguiu

- fuusieginnguiu aslianuduiusiudesvieliinnuduiusiues

2.8 N139AT28$N19 (Distance Measure)

Distance Measure 1Jun15inszeenig (Distance) wmwamﬁgmiuﬁuﬁﬁﬁa%}auﬁa
lnedinldlunsiesizideya wagn1sdangy (Clustering) Wemauediends (Similarity)
N38AIUUANFNS (Dissimilarity) ¥e4teya lagdl Distance Measure Ma18ULUU 14U

Euclidean Distance, Manhattan Distance “1a*1 usihuuilagidentddusgivanuazvetaya

wazingUizasrvaIn1sinsnz lag Euclidean Distance unisinszagvinalagldszazaos
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fildR X way Y veaunasyn Tuvae?l Manhattan Distance azilunisinssuzvinalagld

FEHLNIUUIA LL@SLLU’JU@U%@QLL@@%Q@

2.8.1 MTINTLYLNIUUY Euclidean Distance
Euclidean Distance tJuign1sAuimiszerieseningaaedgalussuuiiinasads
3089311 Inefiszeering Euclidean Distance 289N TMI1NAINEIVDAHUATITLY DU

Aaao

S¥ninagedesnludmiugnIn1sALIM Euclidean Distance dwiiuaiiiine (x1, y1) uay

[
[

(x2, y2) luszuuiinnaesda Jead:
Euclidean Distance = V(X2 — X1)2 4 (Y2 — Y1)?

We x1 uag yl Adurivedgaunsnlussuuiiinuuine uasuiueu

x2 Way y2 fadunisuedgniiaedlussuuiiinuuing uaguuiuey

(X2,Y2)

(Y2-Y1)

(X1,Y1) (X2-X1)

AN 4 N5IATEEZNIUU Euclidean Distance

AnSUATNNIANUIUSLEENILUU Euclidean Distance duiiagltlamiiainssezning

JenIegeaednluuaslin nsengegdadisssugriisiaanisinisiluldlunisviuneg

aa

wsensianaudeya nidinveyaifigeninass Euclidean Distance 13liimunzauLiiosqin

o [ (% s

AMUFULDUVDINITAININ WATIUIUANUFURUSTENT RN TNgW eI AN Tin
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syazrsliuaiug nsalilaasly Distance Measure DU 9 191 Manhattan Distance @Ay

wigauUndT Euclidean Distance Tumsinszegrinavasioya

2.8.2 MINTLYLNUUY Manhattan Distance
Manhattan Distance iflun1siassazsinsszninaesyaluiiuiiniodoyn lneisnis
AR ITVIHATINYEINI AT TEIZUUIR LazkLILUTesaDIgn tnevhluasldly
msfwnaszeznsludeyaiiumsademnindfiidaudsuinnimiein 1wy msdangy
Y93ndALADSMIBAUIATEIEY19YDIFUAIM B9 Manhattan Distance azfindnuusiugiile

[y [

Y
Toyaludnuvazdeyafioguunnmesiifiduysal waswendmau lnsaunsaliouansauin
Manhattan Distance = |x1 - x2| + |yl - y2|

We  x1 uag yl Aruniuedgnansnlussuuiiiniuine uazuiiueu

X2 kAT y2 ADALMUIYRIRnandlussuUinLWIAY Lavikuiueu

(X2, Y2)

Manhattan

(X1,Y1) Manhattan

2NN 5 NM9IASEEZNILUU Manhattan Distance

2.9 wé’nl,ﬂmsz/l“lurl'lssfauﬂa;u (Linkage Methods)

1 ¥

Linkage Methods \Ju3snilalunisdmngudeya (Clustering) TeldiiloA11uIuAN

9 Y

szeriesEnInedawes lngsimszezisisualaulunasiiunsdendedamasn

arsunumely dranedslun1sAuInsrezrnesenIenaamesty Linkage Methods L4y
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Single Linkage, Complete Linkage, Average Linkage, Ward’s Method 1Jufu lnausayds
AEIIBNIAUIUAITTELNITENINAGALRDIANUEDN U N15EaNTD Linkage iz Ny
Higlinsdanquieyareasiaiuwiug uaziianumngdansinsginneinisiiveya

Tugsia Inenmans vsedus ageilusednSamanngadu

2.9.1 NENNUINIUNITTINNGUUUU Single Linkage Method
Single Linkage Hunily Linkage Methods 1u Hierarchical Clustering Fadu
nIzUINNITHUINgutayalaenisldanuasieadavesdeya 35013 Single Linkage agldan
szoznafivesiigaszvinamndnlunguiuansrsfudunasilunisdvgani@n aiunsa
thlullusmAdesunisdanaugni vidsensdanguiusity wagdug Snnansauseiu lng

Y
[y

Single Linkage Method {Wissiungu 2 nquudseiulaefiansanainssezianduian

dmj = min (dkj, d[J)
dan1vun  A185U"Y
Ay FLUEMITEMINAGU M UAE |
m ARALMBSTINAUTIUTENBUMBAREMBS Kk waz L Taedl m = (k,)
dy FEYLMNTENINNGY K Uae
dy JLULNITENINNGH L LAY j
Single Linkage

Cluster 1 Cluster 2

Al 6 N3TIUNGUUUY Single Linkage Method



15

2.9.2 vannaueitunMsTiNnguwuy Complete Linkage Method
Complete Linkage 1913501511 Hierarchical Clustering Inglda1aa1uaata iy
49an (Furthest Neighbor) seninengawnesiagsiniu lngldsseenisilnangasening

auBnaeanguidurmanupdeiuvesedanes luduneuusnynadameszgniinnsaniniu

Y

sala

NAUALEY INUL ALYINITMIAIANLAREAUYDIYNATBIARAADTLAITINATALA DT NTAIY
pdneugamandmeiuduadanasivi wazvindraunitaglidnuiuadamesauininun

wioduluauninezliinisdeuselddnselu Tne Complete Linkage Method 3319

FNFU 2 NAULINIETULALRINTANNNTTEENLINEA

dmj = MaX (dkj’ du)

fauds A195U"Y

Ay FLYLMTENINNGY M UAE ]

m AdARDITNELTUsTNaUReadanes k uay L 1ned m = (ki)
dy FPYLMITENINNGY K Uae ]

dy JLUEMITENINNGY L UAY j

Complete Linkage

Cluster 1 Cluster 2

awil 7 N553UNGULUY Complete Linkage Method

2.9.3 NANNAIMIUNTTINNFULUU Average Linkage Method
Average Linkage vJu33ulelu Linkage Methods l4lun1swia 152821

FENINAFANOTAINTU Hierarchical Clustering Ia8ANUIMANAAYUDIAITLYLUIITENI
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fogaanadanosimun Fdavaieadamesfiinisnszaisvostoyaiitesninds single
Linkage ustenaazsilmAnauaaiaiadevlunsunguldietu silfsowhnisinsed
wadwsifieldonisimunzanfudoyaildlunsiingeyt wazdnududonsudledgmilunns
Baszideyatuniends nsauinessegisaglandnnisifeanulu Single Linkage ety
98038 Linkage Method tuasiusgfunisesniuy waringuszasdvosnisiinsisviu

azA33y lng Average linkage method WudsTmssazessninvassnaulneaaieves

S28¥N4 (average distance) s¥ninamsdunanauividsiunisdunanauau

A = w
m
fiauus A185UNY
Oy TTYTUNTEWINNGU M U |
m AdamDsTnaTUTUsTNaUdRdawes k uaz L1nef m = (k)
dy FEYTMITENINNGY k Uae
dy FTUTMITENINNGY L Ude |
Ny UL sFunalundanes k
\ uIuNHUNalungy |
N, PUIWATHUNRUATELABS M

Average Linkage

==

Cluster 1 Cluster 2

i 8 miiamejmw‘u Average Linkage Method
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29.4 ué’ﬂmmsm‘iumii'smejmwu Ward’s Linkage Method

Ward linkage Method Lﬂuwﬁﬂﬁ%mﬁﬂmjm (clustering) TunslATEvivays R
l3EnsAuINAINAaIeAfsrrnIngulaeldisn1sTnssoenneseninega (distance
measure) iovinlianunsadnnguldnmaruadioadeszninedoyaiimuali lngagld
Basdnuauadeadssgninngulaginmamnaiedsreseaunnsisvesganelungs
(within-cluster variance) 9nduiianadeiilfuninsseziesewinngy Tasasdonnguid
A1 within-cluster variance tfosfigadunguililumsrungusiely aunsensldnguiien
Wity

Ward linkage Method 1{uAsmsdnnguiifinmusiugigs wagimnzaudmiudoya

ffinsnsyaeiiliadiane wazlvuinvesnguinlaiviniu

(Nj + Nk}dkj + I:Nj + Nl]dﬁ - dekl

Ay = N; + N,

fauds A195U"Y

Oy JLYLMITENINNGY M UAg j

m AdAmDITNELTUsTNeURdanes k way L 1aed m = (ki)
dy JLUEMITEMINNGY K U

dy FEYENNTENINNGY | LAY j

dy JLYENNTENINNGY K Uae |

N, uuNsdLnalundanes |

Ny PuIuMsFuNaluASanes k

N, UMSALNAluAALRDS |

N, UMSALNAlUAALRDS M
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Ward's Method

AT 9 NMFIIMNGULUU Ward Linkage Method

2.9.5 MANKNAINIUNITINNGUWUY Median Linkage Method

[

Median Linkage Method tJu3s95aungu 2 ngudaieiu lngliusazngudidey

o

Wi (Wdandnwindu) Median Linkage Method azld@iisagruluninansvasya

AUdNaY (Centroid) 13288119 s¥nI19AdsEg Ve Clustering zldrdsegiuduen

NA1999IAAUENA1N (Centroid) 1528¥91e SENINNAIISETINYRINGY AladesIuNguATY

Y

RRGRER!
g Yt d dy

mj 2 4
AauUs ANasUY
A JLULMTENINNGY M UAE j

Y ¢ = v v s ‘:l' .

m ABALWBSNNAUTIUTENOUMEAAAMDS k kay L taen m = (k,)
dy FLULUNTENINNGY K WAY |
dy FLYLNNTENINNGY L LAY j

dy JLUEMNTENINNGY Kk uay |
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2.10 MsAvuARSAMBsTIUNZEY (Determining Optimal Cluster)

n1siuaIuIuAddmesNmusaunandmiuyadeyailudunsudifyly

NT¥UIUNITIANGUTRYR FUIUARANBTTIIzauNgaronquinansialaseasisuay
Anuduiuslutoyalafign dvangdslunisivuadnuiuadameasivangay loun

9

1) Elbow method 18u3sn15Useifiuguiundamestunisvin clustering aaeld

Within-Cluster-Sum-of-Squares (WCSS) 1usirTausyansain lnamar WCSS vosndainos

IS =

w99 k $1uU wazndennsin WCSS vad k Wuunu y uag k 1uunu x wdusnagnuinganil

q

=~ a

WCSS Sufuiaay wagazdynil WCSS nsan (elbow) wagynaeaintiy WCSS 1induagna

9

S ulann 912U k Auand elbow TULTUIWIUARAMDS AWML AL FaF98190 WA 10

Optimal number of clusters

Elbow method
200 T

150 \

100 \

Taotal Within Sum of Square

“",,_‘_.
—.-,,__‘

1234567 89 10
Mumber of clusters k

AN 10 NMSMITIUNGUTMANZENE Elbow Method

2) Sithouette: FtlAgITRIUNTAIMINANUASIBATITUTENINIATOYAIRZYA
LAYARALABSVRIAILEY MADATUAIIUARIEARITUTENINIATDLALAALIN LasARALNBST
IndiAgefige Iuuadanesivizauarimualagn1saeonIUILATAN O TNIAZ LU

\RAYEaEn
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3) Gap Statistic: IdHiNeITRITUNTIUSBUTBURATINAA Y@ 18 luARaLn BT

Funalanunasiunid@esnelundamasnainlin1elan1swankads1989A1I19 hazLaan
IUIUATANDINTYRITNUINTIAR

v Aa

dmsuisnsianzdmiunsiuednnuesanosNmINsauNgae1auanaeiuly

4

v v v A v a

wegiudnwuzveateya uazidmuneveinsiney dddgAenesiansannisianiuiey

2,

o

FEPINNTIAUNDR waztestiuly AasnauANaINITalUNISAAINUYDINAANS

2.11 Sum of Squared Errors (SSE)
NATINYDIVORANAIANIAIEDY (SSE) ABN1TiAANULANA1IIEnINNAmNdLnale Lay
Anmansallugadeya Wuwnsnnisussduildiunaluludanesiiunsianguieya uay
a ¥ z.ﬂ' 1 QI % a = % 1 1
nsiseuiveaed lnslannzegwgdudana3fiunisinngs Wi K-Means

° [ [ ' [ < o '
ﬁ'ﬁ/i’i‘l.lﬂ?iﬁ]ﬂﬂfjll K-Means SSE gﬂm‘wumLUuNaiamaﬁzazmammaaﬁwmﬁm

=13

ayaurargRiuUVseEaTilnaan Inefiwunsessilugaaudnalsetaaames muney
ADN19an Sum of Squared Errors (SSE) e lAillAs9a319AA AN NLUUTY LAZNITLANS
Aanuduiusareludeyalausiuggu Ingaiunsald Sum of Squared Errors (SSE) Lo

AvundIuIuRdanesImuIzauianlalngniswaenal SSE Wisududwiuadawmes uas

'
=

@oninnurdaweIin1sildsulladlu Sum of Squared Errors (SSE) 3uanszsiuas (139

€

—

3unin "ganAen’) A1 Sum of Squared Errors (SSE) Ainninusdinlumainfudoyals
fni1 199970 Sum of Squared Errors (SSE) SnA1adudsaiuuvesyadoyasin
AugNaAdaLAS

@m3U Sum of Squared Errors (SSE) iuifisanidsluans q wednfianunsaldiiie
Uszifludszdnsnmvessaneifiunisdnngy uazaisldiauduiunindug 1wy azuuy

Silhouette n3adwil Calinski-Harabasz tioSumsUsziiuinsouAqUETUVDINAANT

2.12 SasamsiUasuUasuas Sum of Squared Errors (SSE) %30 Relative Change of
SSE (%Change)

$msnnsUAsunUaues Sum of Squared Errors (SSE) flananuuansnsduinglue
SSE szwinsaestuneuvedane3fiunseluea suanaluedduivasdn Sum of Squared

Errors (SSE) 3udiu TuuSunvesnisiangudeya wazdanesiiy wesiwudniswdsuuwdasly
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SSE awgnlfiflevszifiunisusuudlulassadadanodiflosiuuedanesifiuiu tiogsng
naiUABuuUATes SSE Redu uax SSE dudaluludanesfuvieliuma
dwdudannmaasuuUames SSE agldifledsziiuinnsuiulasiainsuenda
wosiiloifindurundamesaziilien SSE anauvinlng Fadudeyaiililunsmduiunda
nosmnzandnivyadeyaiimasardangy nisiisuiisusasnisiasundases SSE
whelhsaussansnmvesdanaifiuvdoluealdftety waednduladenlisaneifiuvie

lnananandmiuanunMsiangudeyaiu

q

2.13 gUuwuuMsi3eu3 Index of Learning Styles (ILS)

Felder-Silverman Learning Style Model M%@ﬁi%’ﬂiu%a Index of Learning Styles
(ILS) ilulnafidauszaniinGousenidudsuuuunsBousfiunnseiu: Uszamduda nng
nded nm uazdn LuusiaesiifugiuinnuAsiiiyaeadauveuiuandafuly
M53U wazUszananadeya dsannsalfiitedaslifasudiloguuvunsSeuifivniSeuiy
youldAty uarusuTBnsaeuliivngfugauds uazanureutesarAUlFRB T UL
sULuUMISISEuS Faps9fi 1 LLangmwﬁ 11
Uizmmaa'gﬂuwﬁy’qﬁﬁa (Dimension) Usgnaulumie

1. Sensing - Intuitive {WusfAmuaguuuun1ssuinsesudeya

2. Visual - Verbal 1usiimunvessunuunisinauedeya

3. Active - Reflective {Wushinunguuuunisuszananatoya

4. Sequential - Global tUusfimuaslwuun1sdnseidey wazn1svitaudila

P a [ a 1% .
f15199 1 mswaﬁmaaﬂwmzﬁumgﬂLLUUﬂWiLi&JugLLUU Felder Silverman

Uszlnnvesnisey Meduny

. a aa Y a 4 Y o ¥ @& a ]
Sensing gouauAnugusssu 1laese tReidesiutaianss wasduneu
Intuitive YOUNTANLTIULWTIAY @35719855A LNEITINUNGUE wazAUMIE
Visual YOUNISUENININ JUAN tnozunsy wasisanu
Verbal gounsesueiiluatednualdnys uwazn1sym
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Active YOUNAADIINEIRN o ieusuiugdudungy
Reflective Youdneylsluisesles inuauie vieiudvinuag
Sequential YounsAnLgaLE dsuileu Seudiaziesy
Global YOUNTARLUUBIATIN UNARDITEUY Seuiuuininselan
Felder and Silverman Learning style model
Dimension 1 Dimension 2 Dimension 3 Dimension 4
(Processing) (Input) {understanding) (Perception)
Active | Reflective Visual | Verbal Sequential | Global Sensory | Intuitive

» Active (learn by trying
things out, enjoy
working in groups)

+ Reflective (learn by

thinking things through, [

preferworking alone )

Visual (prefer visual
representations of
material presented, such
as pictures & flow charts)

Verbal (prefer written &
spoken explanations),

Sequential (linear
thinking process, learn in
small incremental steps)

Global (haolistic thinking
process, learn in large
leaps)

Sensing (concretethinker,
practical, oriented toward
facts & procedures)

Intuitive (abstract thinker,
innovative& ariented
toward theones).

AT 11 5ﬂwm3§ULLUUﬂﬁL§8u§ Felder-Silverman Learning Preferences

2.14 2550UN5TUNNYIVINUIUIAY

A Novel Algorithm for Course Learning Object Recommendation Based on
Student Learning Styles (Nafea WayAug, 2019) lnAnw19anosAud nsun1suug
nangminisiieuinuguuuunisiSeudvesiniiey eudtagmlunsdumunasSoudn
manzaufusyuuBiasulls telimssiusuuuunsBeus svuvuugihdelauediuyana uas
deneningUsrasinsiieuiimuzaniuanuvouvesiniSou uasinnsuimaassile
nvdeUiadinauadendafuiiniian fugliflussuuiuusnidmiunisdeus Bnsas
JuagiugunuunsSeudalng Felder uay Siverman dslfifteifufunugunuunisdeous
voatineu wagingusrasinisiseus lagld Skeleton Recommender Algorithm @enuuy
wvEndiadnefu Ao Simi wag Sim2 ntunaaemuavEniiinunilouatsiigndmiy
Sim1 wag Sim2 Annguasmileusuiiluildlussuuiugi anduld k-mean tieaths
K nauveen1siouinuinguszasdimaSeuiveusazlusing findrendaumvinsimi Tngld

[y

A v ! a vl v al a o v o & . v oA
LW@ﬂu‘lﬁ']ﬂﬁjﬂﬂ'ﬁﬁﬂug%lﬂamq@ﬂ‘Ui‘ULL'U‘Uﬂ"IﬁLiEJUEﬂJ@QUﬂLiﬂu‘ﬂqﬂuu SIY’T\Z%%QﬂISULW@

Y

Y

muuaingusvasvainsiteuiduiuiug lunquiddidnuuraaieiusuiuunsiseuives

UniseunnsEReIeiufan wagAzkuunIwIgveesingUssasdnsiseuidmsulincey
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zgnAnalagld Sim2 wuiidane3iuvianlaanandmiu Siml @e cosine LagSim2 fe

Pearson correlation coefficient

Detection of learning styles in the focus group (Svarcova wagJelinkova, 2016)
lafinwIn1snsiadusvuuunisiseuivesinAnwiuyninends eAun1inguiuunsseus

Ao a v A v oo ¥ Na o g
wuulandn@nwuniinerdedureu lnsanizlugadagiundulimewmalulagnviuade
UATElEN5UTEEIUTUTINURINANTITLAINUUUABUININATE I LS (Fadsuuuunis
= W, . = v & ' ! = i
1S8u3) ved Felder uag Silverman suuumMsiseuitulaiduegluan1mmagInmueusiay

v U = oA A =t = o Y
yana faiudslideasivasuwlas Jamngaunazdsunszuiunisasulidnugluuunis
ISEU3VDUAATUAAA N TINUIULUUNSSEUSIALIRINZUARBINTIUAINITITUMIUNTIREUS
YorinAnwudazaunew nszvIuNMsaeulIraesl Ul uATNiva e lnan1siSeus

a a a Qll
NUsgdnsAIMUINTIER

E-Learning personalization based on hybrid recommendation strategy and
learning style identification (Klasnja-Milicevic wagmug, 2011) laAn¥1n1580nLUY
Uszaunisalnisfinuiluszuudidsulldimunzauduaiudesniswazsidinunevesdiseou
Anvinaiaiieg erwe1ansdusulssruudiasuis Inslugadelausuuzyedssuunns
aou Protus s¥UUSangULUUNMISsuuAndng uagidevesiSoutuiinludiiies uas
UsganananguatuzuuuunsdeuiiuandetuimunainidennisSeuinunged LS
9niuld AppioriAll LﬁaﬁumﬁﬂﬁmmgﬂLLUUMﬂ’]ﬁmeﬁﬁé’ﬂ wazauaulavesisey

NaNIMAaeandliindIN1sTINAuTeINInaaeusULUUNSISBuiTeiToY Lavn15Yn

]
v oA

° 8 v ) a e o p= Y] ° a
a1nu ‘UE’JEJGLUL'J‘UW'JEJ@ﬁﬂE’JTV]@J AprlorlALl llﬂ':l']llLMNWSﬂﬂJIUﬂW{L%EULL‘U‘UﬂWiLL‘H%uq LN®

wuztfanssumMsteuiosulaliudiSeunusuwuunIsseu; wasanuveu

nsviumilestoya: widauazimalla (Han wazaAne, 2011) N1s85UIEMANNITHAY
wadavesnsimilesteya lneduduainnsesunevannsiiugiu uasudnnseng 4 ves
nsviwmilestoya Wy MskenuezUsElAnvedeys NMswlsudeya nsafnnmanyMe 113
andli 13589 waznsianguieya Tnswiuisoswesnisdnngudoya (clustering) uazn1s
e (prediction) tnesiudansldiadesiionadamans wazadd iietielunsiuniles

Toya Faiinseduteduneu uazmallAransitauvesdanaiiiusi o Hanunsaldlunisviy
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Lﬁﬁﬁaqsﬁagaswﬁqmsﬁﬂ clustering A28 k-means Wag hierarchical clustering Lazn15vi

predictive modeling A® regression Waz decision tree

nsUszgndldinaluladnguiiionsiaaeusunuunisiFounisasuvetdndny,
FAInTIUeANans (Abdelhadi, 2017) loAnwnsduuntdniFewiainssuluieasesy lagns
LUINAUAIUAIIUADINITIULUUNITIT8U3VBY Felder and Silverman s1afiululAn
waluladngu (Group Technology) uldfuisnsasufigndeuiieliiinyselovigsanan
Wmsnensaeu Tneweluladngy iuisnsivilinsuisanuadendsturesnudnums
yesingismiudungy nuinislémaluladngulugisiuniansinuezagligasuld
sUuvuMsaeuinzanfuinidouiieussgnisaeudifeans uenanifaeudsaiunsn
HunenginssuvesinFeudunguitewioumionnundngns wagnsueuvansnuliiy
fni3guaunsaviniielfimungauduguuuunisiieuivesiniteulungy uazaiunsn

=i v oA a
WasuuUadlslatenunguiiin

NINTIVHBUAMUMINEAUVDINITIANQUTRYaDUNTUIAT (Ul wazAe, 2018)
N1IRTIvERUANIMINEANYRINITIANdudeayasunsuatlugadeya lneldisnsdndula
LWUULEINY AU (decision tree) kagddnN15NI¥ABFHILUUNYNIAY (rule-based clustering)
lngnslyipseslionsivaeuaiumanzanlun1sdnngy 1aen1snaIsIAINaTINAIY
AANAIA (Sum of Squared Error: SSE) 1nldfiunsaln1sdnnguiuy Unsupervised Learning
a gj (% k24 o/ (Y 4 ! 1 ! ~ d' o A
annadeldnsnuaninnduiusseninee k uagan SSE Wienyauisuninudumnse

%Change Tun1smauIuNqulvsNzay

Clustering analysis of learning style on anggana high school student (Lailiyah
uwazay, 2019) loAnwsesnisiiauaunsavesineulunssuanuinaevenlaesaau

tuldlainananulidila wezdaeuliaunsoaeuliuiu uiidunseanuldaseiuve

Vinwen1sieusseninadniteu ware19nsd weliiniseuidnlidauiglaiugaeuiiulaviiu

wile AstudadndunaedewihnsidelimelinseinguuesgusuunsiseuivesiniEeume

'
& A

70 K-Means uagFuzzy C-Means @ailinguszasaiiolimsnuuseaninavenisiseusiuy

NAUADNITNAININITAATY Lazn1sHAUIHaFUMENIINISEeuvestinisew 35n159lelunis

[

FAFURUUNITETEUIAMIENTEUIUNSIMT B UBLAlUNTTUIUNTTINIY wasHmuIA1NT WUl

n1s3uunUseianvessluuunisiseuivesiniseulagld K-Means kag FCM @1u1sauus



25

sonlu 4 nqu dnSeunateaureuiiazouiienisilsdsiglunisusaiiu 11nninnig

a

bIYU

a

bIHU

= 1 = 14 14 dy I L% a A
WWEIWADIUNITHNHUAIBAULD S %@ﬁiﬁﬂuu’m’]ﬂﬂ?ii’)llﬂﬁjllsﬂ@QUﬂLiEJ‘LW]"U‘NGU’E)'Uﬂ']i

Calle  CaNle

AIELEEY wazde N15338dauNsaYIue11TddasuAunIISAsARUNgnaeslviy

gniseulutusey

Learning and teaching styles in engineering education (Felder i@ Silverman,

= A

1988) ladnwnigatusluuunisiseuivesindnulurainnag iy deduiuiniseun

[

lasunsiseuslutuissutugnaivnulaudaeu wasn1snseufame widegiusuwuy

Y

= ) v = v 1 Y] = v o
ﬂ']'iLiEJu?UENUﬂLiEJlWﬁE]E‘ULLUUﬂ"I'ﬁﬁ@UGUENEjlﬁ@u ﬂ?qﬂlumiﬂﬂusﬂ@flgﬂLL“U‘Uﬂ'WiLiEJUEV]'JbLU

YINANYIAINTTU UagFURUUNITABULUUALANYBIBI1NTEIAINTTH NUTIFURUUNIS

v =

Seuivenindnwimnssudiulnguazsunuunisasuveseasdisnssualvg iy

v = Y

lunanefid dnAnwdrmnssudunaidudnSeunveaiuladuiaeuls waznseieiedu uay

3

o a Aa a Y 12 | y) Ao | a a ° o a Ql'
UNLIYUNUAIUANTINNEIIA ﬂ’ﬂll'lll@3@ﬂuWmquu’ﬂ,ﬂQUi%ﬁWﬁﬂWWﬂqﬁwqﬂquleQQUﬂLif‘.lu:l/l

¥

14id warn1sgeyderedenuvadimnsiivandioy wiinsuwuuivanvatentnseuseus el

Y

WINNY wAn1ITINAuYesTIuIuAsut e wallaluingn1sveaeunlsiiesnenay

MOUAUBIAMUABINITYRITNS sl nIasualutwToula o walla LazAuuzdnli

UlunihilaseevauesingUszasdll sgnalsinuanudailildldmaianmualun ntudou

(%
14 aad a

1A 4:1' [ v v Aa a a o v v A
wetdeniiaztlulule wagaeddd Aredsdsluvunmsaeuniuseandsandusutinisou way

Y

ANUAZAINAUIBEINT U1 N s ussTuwd wazliiduuinlasiinanseny

agunnfaRMAMNNSISEUIIARTUluNETa

Learning styles and strategies (Felder wagSoloman, 2000) UNAIINULLUATS

a 2/

Souduaznagnslunisasuiiaenndosiuanuvey wazguiuunsSeuivesinGeou Ineld
sULUUNSIS8Uves Felder-Silverman fludsinisouseniludiia: sensory/intuitive,
visual/verbal, active/reflective, WLag sequential/global IGWEJﬂaqwﬁmﬁﬁau'gﬁmn@hﬂﬁu
WU NIsBEUSRUUNIERsesu n1sssusuuuTinile waznsseuslaglddynidugiu aed
UszanSuadmiuguiuunsBouifiuandnaiu euiuusssanisiiou enansdasnszmiings
AumaInranevesgULuunnsiions uarldisnisasu waznagndinarnnanedsanuna
seafusduvunMaSeuiiuansetuld msUszidiuseduisuuuunisdous (1LS) 1HuAsT

aunsaldszyuanuvaulunsiseuivesinGey wasUsumsasulvivunay lnesiuuaInis
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el waznisdaguuuunisiseui wasnagnsvestniseududsdfyiivisuiul g

nsSeuvetinEey wavasduswlunmsiseu;

Applications, reliability and validity of the index of learning styles (Felder iag
Spurlin, 2005) unAaijsaueteyaifeiunsldduiisuuuumsaiious (index of Leaming
Styles: ILS) ia3asilotauuumasdsinenditieligldanansassysuuuunsoudvesaulosls
Taggjaiuinisly ILS Tun1s3ds waznsldanuata Tnefidmneiiessuigauaenndeues
LS funsious waznsfinnsananuindede wazeufienelalunsld ILS lunside ns
FoudvosindouiniuegfuanuaenadassgvinguuuumsBoudvosindouivasignaoy
wavnanideudazinves ILS AUsznouRay 1) sensory/intuitive, 2) visual/verbal, 3)
active/reflective, Wag 4) sequential/global F9n1579 ILS aggligldaunsaseydseam
Unissuusazdszinnlaegredaiay wazdiglienarsdusunisasulivansauiuguuuunis

a k4 v a v
Lﬁﬂug“ﬂ@ﬁuﬂﬁ&ﬂﬂﬂ

A psychometric study of the index of leaming styles© (Litzinger hazAM g,
2007) diauan1sAnwinun nvenailsuuuun1siseus (Index of Learing Styles: ILS) lag
Mdayaaniniseuluseaulszandne Sseufnuvineusu wasdssuAnwineulaleves
an3gew3nt Han1s3idemudn ILS fanutdedie uaramgndBIUsERINTINeT LAl
anunzanlunsliiaguuuunisiseuivestdntey wieglsimunanisidedldanse
atfuayudoauuAgiuiii ILS awsalilunisinguuvunisiseuivesiniFeunnussianle
TnslanizogdsdmiuiinGouiiinginssunisSeusiiuansiuegieann nsAnymdri
Huvselovddmsudly ILs lunsiasuuuunmsdoudvesinEou Tnen1sidedagaelgld
a1unsausulensldeu ILS Wmunzay wasdivssavinmeenisinuasusuugsnisasuln

WiLnzauiuAufaInNIsYaIdniSeule

Data classification: algorithms and applications (Aggarwal, 2014) a8u18 wag
Ainszivesdanedfiumieg Aldlunsdanguieya (data classification) uaznsuszgnald
Nuluaeausgeg ImsLawwashq?iﬂumﬁmmzﬁ%’aaﬂa LaZEA 1WU N1TIATIZY Lazin
naudoyalagldnisizoudiuudiass (model-based leaming) Tagfuiinslduuifnvosnis
LUNNANTBLARIYAIUAINITAVDIUAANITISBUSITING (rule-based learning) wazN15LY

wallaveIn1ITanguiayauuuldanyuiu (clustering) wazni1suusngudayauuuduldl
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(decision trees) LilodnngudoyatroglunguiieaiunudnuuenIswUNguNfeIng way
nslduunfnvesnsinndudeyamematinnsdauensedu (hierarchical clustering) kagn1s
InngudayanuuAUdURUS (association rule mining) MUUNITIANGUToYAN AN WML

msfenuduiudiuszninedayasig 9 WWusu

Learning styles diagnosis based on user interface behaviors for the
customization of learning interfaces in an intelligent tutoring system (Cha wazAMy,
2006) MsmuTzEULdeuSR3E (Intelligent Tutoring System) flanunsausuussadruinse
ALY (User Interface) Inggnlud@anugduuumsiseuivesldou Ingldisnsidadealadns
13eu3 (Learning Style Diagnosis) a1nng@nssun1stdauvesldau Tnegidelaimuissuy
aoudanserlagldisn1sinmiu uazduiinnsldaru (User Interaction Tracking) vedg 14y
Immiammmﬂ%mﬁmLamﬁgﬂsﬂ%’ﬁuLwiazmueuaaﬁauﬁwiaéﬂ% (User Interface) Wazn1s
TaUsunumsldanuresudazdiu Inonanisinnuazgninanldlunisifadealaanisisous

Y Y

vold IngldinIasilogouauiiuiuneriuanyaensiteusveld

Data clustering: 50 years beyond K-means (Jain, 2010) mﬁ]’mﬂﬁjm%gaﬁﬁﬂﬁﬁ
mnuwiug uazdulupumdnns saudannsedunemaiall o ferdonisusvananauuy
Wi waznsdnngudeyaiuudeuiu nuideiaguldinnisdanaudeyaidunszuiunis
fidhdny uaranudAnlunsinsgideya Tnsmsinndudoyatuiiognaneisnsfiunnsa
fulwdaisnsldonu wasanuuiug uiirnuddedinanlddiniiuimuddyuesnis
n3adeu uardsuidiuitnsdandudoyaiiiofandeniBnsungalumsléou vonani

1 [

gaauowmailanieg Rarursathunlglunisdanautonala 1wy n1sUsunasilsnduaIn

9 Y

(% s

wilauvesteya (similarity function), n1sldadaimesuszaimiioy (artificial neural

network) kagN1SEeNWIANITAITMILEY

A comparative efficiency of clustering using dynamic feature selection
optimization of subspace clustering algorithms (Pimpaporn agMeesad, 2014) U3
o = ~ ~ a a ' I P A Y]
um{]mmaLwaLUiUUL‘VlUuﬂizamﬁmwmaqmmmﬂqmayjaimiﬁumil,aaﬂaﬂwmz (feature
selection) wuulaunin Guaqé’aﬂa%ﬁmwumiLLquhusuaﬁaga (subspace clustering

algorithms) Wiagdanasny wWen13sniUssaniamunianlunisuuingudeya lasdl

Wmngiieananududeuvenisuiingudeya uazliiuuszdnsninvesnisuiingudoya
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va v v

AIdelinsusziliunanisuiangulagldan Sithouette index uag DB index lngiUIauiitey

s U

ATNASNGAUDANDINNUUUTITUA LazdanoINULUUUSULSS (dynamic feature selection
optimization) Fuduiuinmieinisdenanwauzuuulaundin warnan1sIsewuInNTieng

wusdiuvesteyauuuliuussaiunsaanaududauvanisiiinguieya waglity

[ d‘

Usransamlunisuiangudeyalaluseaugeaallaiisuiunislddanesiuuuusssuni 8ns
Fauansbmnutsnuaunsalunsanvunvesateyalnenisidendnuaziuulauin il

1 1 v < v 1 = a a o
mnwmqmayjaLﬂulﬂlmammﬂixawﬁmw LaZLAUNZAUNUNISUSZUIaNE

The clustering validity with silhouette and sum of squared errors

(Thinsungnoena WazAy, 2015) MsUIguigUANABAABIUBINTTINNGUToYalaeldls

silhouette Wwag sum of squared errors (SSE) @swu31n15k435 silhouette TANAANWSNANTY

[

SSE lun1suszliunmnmeean1sanngs lagden silhouette gelumNIUIUNGUTLANATY

Tugaued SSE darsasmudiuiunguiliindu wanisld ssE faduisndeuldlunsdangy

14 Ya v =% 1

Toyalun1auUa lnggideiaaueinmsliassissiuiuneUseiiunugenndeivednis

Y

Jangudeyaeerunulszdnsnm
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UNN 3

A5N15AUNI5IAY

[y

a dy
N13398U

Ya o

fdeintunsdanguinifeunteluduiousdiedusyaniam wagannn
Prwo1sdiaeulunisusznaunmsinduladmiumaBsunisaoumeluduiou lnefituney
nszvIuNs A3 TndsyAnBamuasnsuinguiinGsunelutudou sufssuvatduayuly
nsdrednaulavesenaisddaou Ineditunounsruiunisiinseideyadae CRISP-DM
(Cross-Industry Standard Process for Data Mining ) f“f'UmiLL‘UﬂmjmﬁﬂL%EJWH:MEULLUUM?
SoudunUszgndldfunuide Twsenoudenssuiunsianun 6 funeu nszUIuNTUsAY
Tuneuiuazdaiesiulnedunouludduinluardesselinssuiumsnountiaiadunon
L.LazLﬁalﬁ’fwaé’wémﬂmzmumia%ﬁﬂmLmaf\i’ﬂam%’aaﬂa (Modeling) ®1998in32UIUNTT
founduresnisuiuustunou waznszuiunaiiielidnadnsiaiiuseansam vesns

Taszvideyalunuidy

3.1 nsanadlanuteyna (Business Understanding)

Fupauusnlunszuaums CRISP-DM duduluiinsviaudilafulam uasulas
Hymiilalieglugilandvesmsiinseideyavesamilestoya nmsraunlunisdniuns
felunuafedfidmanglunsuitigmnsudsngaluduou Tasldnssuumamiiesiaya

U 1%

fugndeyastuuunsGons Wetsuusihnisungulududsufivnzay Wilaguuuunis
Seuvetiniteu ann1suunisaeuliiuena1sdiaey waznskustliinSeulan siu
fagunuunaBeudvowmuies lasunenunuidedlfiauemeianisusnguuesiineuluty
SHU AITNITTNITNITRUINGUMAINAI8LUINI kazdUseanainlagerdeviainvaiey
wedalunszuiunsnsiimiiesdeya saulvdmsusslivgusuunsseuivetnbey was

UnAnw e Pwiunguitiugiivestuisey laelin1sinysednsnmvesnisuuingulag

1 ]

N5EUIUNITNISATINTTIWABULYASYBIAT Sum Square of Error (SSE) Lﬁaiﬁlﬁﬂqw
wizauvesyndaya waznswuzdlidaeuldnsuimuneavaundnvesinissulunsiag
nau lunsdiininennslunisaeuiidiin viefaeudesnsfiazutsdnunguuuuianzas oy
nsrUruMsUszifiuguluunsBeuivesiniFeu nszuiunsmisnismamilesteyad
wnzay uaznsyUIuMIUssdiulssdvBamassnisudangy Tasthdeyadiliainnszuiums

WunUszgnaldimungauiuaiunean1svee1nTdhaay
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3.2 maassudaya (Data Understanding)

funouitasdlunszurunis CRISP-DM Fatiulfininfusiuriudoya uagnis
ATI9EeUANLgNdBIasteyaiisIuT teUszneunsfiansanveulumlunislddeya lne
enyadoyavesindnuumineds dafudoyaduisutndnuseduiyyind dudd 1 -
4 @1913¥1INYINTABUANADT AT INgIAanTunIIng deudld ginedunsiy damin
Felud Unnsfinw 2563 91w 162 au wagdmsunisneassadeyatnisey daiiudoya
FuZeussduisondnuti 3 TssSouvauseniununn sunonovasin Swiadedn U
Msfinw 2564 $1uau 35 Au Tnawdadeyasenidu 2 dude

1. foyaugruvestinBou dnfnw Idud dintiide o unwana e seiudu

M3fnw sERuTusey veuseu lnefilassasnenisdanudeyaiugiuvesiniEeu dnfnw

WUFIUVBIUNLIOY LAz UNAN®YT AIRISI

o«

AIN13199 2 hawieg1ateuany (Raw Data) Uaya
w3

2. Yaan15UseLliugunuun13i3eus Index Learning Style (ILS) a1nuuuyseiiiy
NITUIURUUNITITEUITG 8 AMUAINIULUUNITIS8US Index Learing Style (ILS) 84
(Felder wazSilverman, 1988) wagiilasaasninisdniiudeyaguuuunisseus fan1sei 3
Tngizuannnisiiusiusindeyandsainnisiuuuyssiiugusuuniseuidaeenwuuniy
5ULUUNI51384 Index Learning Style (ILS) ¥4 (Felder uagSilverman, 1988) gailfiiagna
Uayafy (Raw Data) JUkuUUNTIS8US Index Learning Style (ILS) A4A15197 4 UagRI8E9

a Y d‘

SULUUNISITEUS A9R15797 5

1aeiin1597198911955 18l UNSIMNUASTALEUY SHANA STEsEAUNISANYY 31NUsenIe
YDINTLNTNANYIZNT 30UINIFIUNTNUTaYaN1NIsANYT Feflfegrevaanisdmiu
ToyasiaszAuni1sAnu (Education Level) aruswadeayan1nsgiunas (Code List) 79

a (Y 1 [ ® Y v & a v ¥

M13991 5 uagmegsveimsdniiudeyasiatull (Grade Level) ausiiadeyauinigiunans

(Code List) dnunnuifeidunudoya daunazidunszuiunisnsvaeudoyaiilasiusiy

\ianIIARUANgNABITRNTaYa kariansandweulwnvesoyaiazaaldlunsiiasiey

A1519% 2 lassasensdaiudeyaiiugiuvesingey Unfnw

A o v o a
UVBINIUD ANBIUNY

Prefix ANUNTNTD
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FirstName %a
LastName UIEANA
Gender AW (318 = 1, N = 2)
EducationLevel | sasziutunising
(WspuAnwinousy = 12, dssudnwineulats = 13, USyges = 16)
GradelLevel sydutuTou
ClassRoom RNERD

Y

M13199 3 Freeateyaiu (Raw Data) Uayaiugiuvesinisey uaginfne

Prefix FirstName | LastName | Gender | EducationLevel | GradelLevel | ClassRoom
W 1A $niSeu 2 12 Wseudnud 1
i3
LN Lding WNSAIN 2 12 Asendnwd 1
i3
Wne 5hh) 5ITUVIR 1 12 AseuAnuil 1
i3
Wnue dx01n RFRRVI 1 12 Asufnwl 1
i3

M15199 4 lassasenisdaiudeyaguuuunisiseug Index Leaming Style (ILS)

vaviade A185U"Y
StudentID eV GGIRE
ActivePoint AZLUUIULUUNISITEUSANY Active

ReflectivePoint

AzLUUULUUNTISEUSANY Reflective

SensingPoint

AZLUUIULUUNSITEUSAY Sensing

IntuitivePoint

AZLUUIULUUNSISEUSANY Intuitive

VisualPoint AzLUUIULUUNSISEUSAY Visual
VerbalPoint AzLUUIFULUUNTISEUSANY Verbal
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SequentialPoint

AzLUUIULUUNTISEUSAY Sequential

GlobalPoint

AzuuUFULUUNSSEUSAU Global

51971 5 foe1sdeyadiu (Raw Data) JUlUUASISBUS Index Learning Style (ILS)

StudentID | Active | Reflective | Sensing | Intuitive | Visual | Verbal | Sequential | Global
Point Point Point Point Point | Point Point Point

1 0 1 3 0 0 1 0 1

2 3 0 3 0 0 3 0

3 0 3 1 0 0 5 0 5

a4 0 1 0 1 5 0 5 0

M13199% 6 FegateyaTiiaTEAUNSANYY (Education Level) nusiiatayauinsgiunang

(Code List)
i Wl 52AUN1SANYT (CLS_EDUCATION_LEVEL) | %sineun
1 00 WILNAYUIA
2 10 nauUTzaNAnNY
3 11 UszanAnu
4 12 seNANUINDUAU
5 13 iseuAnwInoaulale
6 14 UsgnietlsUnsindmmeda (Uan.)
7 15 aulseya
8 16 USeueyes

M15197 7 Megadeuasiatull (Grade Level) musviatayauinsgiunais (Code List)

=p.

sefuvy (GRADE_LEVEL)

s NUBLNR
1 211 | Uszandnw U9 14050 1
2 212 | Uszoudnun 9 24nsm 2
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3 213 | UszaudnwU7i 3405 3

4 214 | Uszoudinun9 a/inse 4

5 215 | Uszaufnw U9 54059 5

6 216 | Uszaufnw 9 6/4n3m 6

7 311 | Sseufinu¥i 1 Anse 7/ windaddudi 1

8 312 | sfseudnwni 2 Ansa 8/ wigiadiuil 2

9 313 | Soeufinu¥i 3 Ansa 9/ wgdaddud

10 | 411 | sfseufnw¥i 4Ansn10

11 412 | Sseu@nun¥fl 54031 LAmSeunmstudi 1
12 413 | Sseufnu¥fl 6/4n3n12/mseumynstudi 2/nau sseufne
13 | 601 | USeyayeistudil 1 (anstey)

14 602 | UStyayeistudi 2 (anstey)

15 603 | UStyaywistudii 3 (anstey)

16 604 | UStyaywistudil 4 (ansty)

17 605 | UStyawistudii 5 (anstey)

18 606 | UStyawistudil 6 (ansty)

19 607 | UStyaywistudil 7 (anstey)

20 | 608 | USweyn3tudi 8 (i)

3.3 msuily uazanuuasdaya (Data Preparation)
nszvIunswssudayaneulviiaseyt lneunfuditeyanunanunadsiig o dnae
fianwldauysalvesdoya waziinisdnnuuaniaiiuveuiwaiiazdiunldingenase n1s
wssudayadadunsmwmssuniondmniunsiassi wazasiadeunugniesesloya
4{' v Y (% :.’/ a L4 o v/ v a 1 IS
ielindeuiutunauveinsiaseit wasihluldlunisasslumalszneunisindulasgiad

Ys2ansnn

Hesandeyandiannisneusuulseiliuiuideyaiiugiu Jadudiuynaaves

Y

¥

Uniseu Undnw wazdeyaguuuun1siseus Index Learning Style (ILS) agnelunnd uay

Y Y

[ =

AadulAgIfuIuinnIsAnAendayalanivdtu Wieliaiuisairluimseilagldimade

wilostaya laguenasdmSunITiAsIEiveyaoananasavan denielunisieiliy
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U5¥N0UAIY StudentlD WOT¥UMAIAUYBIUNTEU WazATLUUIULUUNITEUS Index

Learning Style (ILS) wihtiulunsihdeyaluliasgsilunssuiunisaely dewandluning 12

Yayandinnmsuseiiuuuuaauay

Active Reflective Sensing Intuitive Visual Verbal Sequential Global

B e | P e ) [ e e B (et

1 Wondls WA fGeu .. 0 1 3 0 0 1 0 1
- Wnwds  winn wwsdsi .. 0 3 0 5 0 5 3 5
3 @Wnws @ sssuwd .. 0 1 0 1 5 0 5 0

StudentiD Active Reflective Sensing Intuitive Visual Verbal Sequential Global

Paoint Paint Paint Paint Point  Paoint Point Point
1 0 1 3 0 0 1 0 1
- 0 3 0 5 0 5 I g
3 0 1 0 1 5 0 < o

2 at = 1
ﬂﬂﬂ;lﬁﬁ']ﬁﬁﬂﬂ‘ﬁ')miﬂzﬁ

AR 12 Msudasdeyandinisusediu Wegluguuudmiumsinsien

3.4 N33UAUNNTA39 wazwaunlutna (Modeling)
nsrurunsassluwaidunisiinszideys wazadwanuigiuindiauduiusiu
seniednUsludeyaty q lngnsidendsmsimanzauiudeya lnen1siideyauiasng

Tuwarialalun1syuneNansan1sINNANYaNA JNISWUINANAIUTURUUNITSEUSDEAI8N U
q U q U v

(%
av A A

lnsewideilidenldnisuuinguuuuUnsupervised Learning (N1sisuiwuuliiigfaon) lu

g

N13HUINAULUY Unsupervised Learning aglaliinslddayaniamaulunisasisluea loy
Azitupounany fsil
a v a 19 v I3 .. ~
1. mswlewteya: n1siwseudeyalagnisuendeyasenilu Training Data teldluns
asdluna TunaunsmIsukuuUsEiluienuulsziiiugunuunisiseus Index
Learning Style (ILS) 18 Felder-Silverman Learning a1nukuuyUsgtiiusuatu ula

Y a P [ v o &
ne IG’I‘EJZJQJJTJ@JW@ULLUUUiSLMULW@LﬂUGUEJQ;IJa PNU
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- yadeya dniseutudseudnuUn 3 9iuiu 35 au

Y

InguuuUsziliuguuuunisiieus Index Leaming Style (ILS) 1ag Richard M. Felder
wag Barbara A. Soloman wuuUsziiiudeumnauluu 2 Adon TaeidaniieaAnauLfe?
d1w3u "a" way "b" Mnsefuguszidiu Widensudlivesniudazdiniy dsguil 13 deoeis
AULUUUIEEUFURUUNISIS8US Index Leaming Style (LS) dmfunuudseiiiuvas
nATelddnszuIunsuansnadngy WunwnedeliinGey dnfnwanans

mouwuuUsEiuliE19gnsas

INDEX OF LEARNING STYLES'
Richard M. Felder
Barbara A. Soloman
DIRECTIONS

Enter your answers to every question on the ILS scoring sheet. Please choose only one answer for each
question. If both “a” and “b” seem to apply to you. choose the one that applies more frequently.

1. Tunderstand something better after T
a) try it out.
b) think it through.
2. I'would rather be considered
a) realistic.
b) innovative.

(Y]

‘When I think about what I did yesker(lay. I am most likely to get
a) a picture.
b) words.

4. Itendto
a) understand details of a subject but may be fuzzy about its overall structure.
b) understand the overall structure but may be fuzzy about cletails‘|

A9 13 fMegramauwuulsziluguuuunsiseus Index Leaming Style (ILS)

dnSumsfnduinAzuLYewuUYTEEY AusURUUNSSEuwagmuluYeInsanaviuy
Usgiilu fanwdl 14
1. nsliazuuunuunaasy lasnnsld “17 Tugesindlunmsemuguami 1 (wu
vnpou “a” Tusawi 3 1ld “17 Tupendut “a” Tuvesdany 3)

U L3 = 1 ! PN
2. IUABRAUU LLﬁSL?JEJUN@?’JEJIU‘UEN’J’NVIiSQ
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3. dnsunnazanainsd Taunasiunesnitesnainanailngnin Weuaim

WANES (1 89 11) wazA8nus (@ 58 b) MLNATINNNINAI

fo8n9u a1n1eld "ACT/REF" JAmau 4 "a" wag 7 "b" 988U "3b" YuUSIina

avaaneleitaiuu (3 = 7- 4 uasNasiy "b" AeANTININNIVRWIIABY)

| ACT/REF| SEN/INT| VIS/VRB| SEQ/GLO

Qla|b|Q|a|b|Qfa|b|Q|a]|b
| O O e R N e B N R I S N
St ot tef | 70 1 18| |__
O | (10 | p1r | | 12y |
I3 | (14 115 0 11| | __
17 | (18 | 119 | 120/ | __
20 p220 (23 |24 | __
250 (126 | (27 | 128 | __
20| [ (30| | f3tf [ 32| |
33 |34 I35 _|_[36/_|_
370 |38 [_I39[ [ _f40] [ _
ar| | jal 1 fa3f [ _Jaa] |

ACT/REF| SEN/INT| VIS/VRB| SEQ/GLO

la|b] Jafb] Ja|b|

a b

(Larger - Smaller) + Letter of Larger (see below™)

|
|
|
|
| Total (sum X's in each column)
|
|
|
|
|

AR 14 prsiuuUssiiugduuunsiseus ILS

AeSUIEYRIALIINAINNNTUTEEINULUUN SIS BUsLUBdY TAsll

- mﬂﬂ%muéuaﬂﬂmiuﬁzﬁu 1-3 LLamdmmﬁmwmamﬁﬂﬁaaﬁ’m%’uﬁmﬂﬁamﬁﬂﬁa
Sninnia LLmImawumuLLmﬂmummamam ($71987199% 3a tunuin ACT/REF
'u'q%mmmmaqmi‘m"L:uguLLﬁaamemmwguwmwaiasu (Active learning)

- 'vnﬂﬂvLLuuﬂJaq@mELummwdauﬁa 5 - 7 uansinpuianuveuluseduuiunais

(% =

mo

AU

)

wiunilaiifivesuinmdi wazazseuilndeuluanimwindeunisaeuiativany
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- mnezwuuvesalusEau 9-11 uansitgaianuveudulaniuniarewing,
dn aueadlgmlunsiSeuiodraurivsdluaninwindeuiiliaduauuninueu
i

=

FIFUUUUNITIENUNAENENA NIV LU sEEUULUUNISE8US Index Learning
Style (ILS) 921y Manmil 15 wazeredulreisazuuuanuavlunsasdiunisiaus
AUEYT LAENTEUIUNITIWMNEaNiUNISITeuluA1uazA1u8198997n (Felder waz

Soloman, 2000) AaFUIBFIUUNSEUS Index Learning Style (ILS)

INDEX OF LEARNING STYLES -- REPORT OF RESULTS

|

| 1la [ 9a [ 7a [ 5a [3a [ la [ 1b [ 3b | 50 | 7b | 9b [ 11b

INT

| 1la |9 [ 7a [ Sa [3a [la [1b [3b | Sb | 7b [ 9b [ 11D

é‘

|11a [ 9a [ 7a [ 5a [3a [1la | 1b [ 3b | 5b | 7b [ 9b | 11b

acT
SEN
s
SEQ

GLO

[1la [9a | 7a [ 5a [ 3a [ 1la [ 1b | 3b [ 50 | 7b [ 90 | 11b

AW 15 a39asunadns sULuuNISEeus Index Leaming Style

3.6 LURAISNITNAFIULULAA
LUIAANITERUNA@BULAANITLUINGUAIY Parameters Tuning Wunszuiunis

UYFuusannsniimesvaddumaiielvduszaniainlunisviauuindu lunisudsnguay

v
1A 1

sUkuUNsREus Mnasuudniwesinatazyisuiuussluealiaiuasariauld

Y I

oeailUsAvEnmnntudielWldanisunguiiinindisauusiugigs Taglumsudeng
MugUiuUNIsSeus Hierarchical Clustering agiimisnilmasdday 2 ¢ louA distance wae
linkage

1. Distance Measure: 1Juisn1sAuiaszezinsszninsgauestoya ldlunis
AUIUNIAILARIEATITENIIINGUToYS tnediisnsaAuInsreeinslunisuuengy

Hierarchical oA Euclidean Distance, Manhattan Distance
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2. Linkage Method: HuisnsAuimauadiendsszuinandudoyalaglda
Jululdvesszuzinssenindoyaann distance lne Linkage aunsawualeidu 5 Useinm
laun Single Linkage, Complete Linkage, Average Linkage, Median Linkage W& Ward
Linkage

Falunsaifisosnsusuusansfmesdmsu Hierarchical Clustering agvilglaenas

NAADUIURUUNSISEUIAazIUUMENLEAT Distance Uag Linkage MuANA1ail uaziden

' '
oA a

Afiluanisutanguiiian (Optimization) Ineld Elbow method Wag %Change 4

LIRAMSInUsEanSnmdeya Aanmd 16

Parameters Tuning
& Optimization Cluster

Single Linkage

* Complete Linkage
Euclidean Distance * Average Linkage
Median Linkage
Ward Linkage

Dataset Hierorchical Optimization
Clustering

Single Linkage

Complete Linkage

Manhattan Distance « Average Linkage Elbow method
Median Linkage

* Ward Linkage

%Change

Group

AN 16 NIEUIUMIUSULITwesvedlinansulingy

3.7 uuiAndsn1sinussansnndaya
PnMsuUanguvesyadeyalagldnisineslugduvuiuansiuivyadeya Ui
WadNsIINNITHUINAUYRIYatY 9 daunasilunszuiunisinusgdvininvesniswuingu

wingau (Optimization) er3delatiuuafnlun1sinuse@nsnmueansuuanguyn

Qe .2 =23}
>~
=29
®
[
[2)}
=b
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1. Elbow method 1JuAsnsldnsvdulAsiiuenianinuuansneseninediurunga
uazAuasnndevestoyanislungu Tnsaziianswidusieideaszninedves SSE fu
Fruaungu warnyaiinswiwmasuadredoron (elbow point) Bsazdusuiunguilvansay
dmiunungudeya

2. AndABuuUases SSE (%Change) azltinUszansamuesnisutsnguiildain
Elbow method Insmsiamsiasuntawesadsvesnzuunluusagngy mnn1suusngs

~ Y oA a ! I A ! Y] =
HUSLANTNINA %Change ﬂ3@]@@&]ﬂ']LQaEJGUENﬂSLLUUIULW]ﬁ3ﬂq3J‘V|LLG]ﬂGﬂQﬂu3J7ﬂ i "U\ﬂu

A lAINsIMUAAIY89 %Change NgausulalumsinAnumuzauvengy

(%
[V

fa1u n1919 Elbow method 538AU % Change @nunsagislunisuseifiy
UsgAvamwasnsuuanguiinEsunuguuuunseusls lnonmsmduiunguiven gax
21nA7 Elbow WarATIadBUA %Change vasazuulluudazngulofusunnuaenndosiy
msudsngutiu mnnsuianguiesuiunguiiiusyansnings Aannsnihluldlunisass

WUUTIARUTEUIUUUAN 9 Mvsngauiudnuazvesguuuunsteus

3.8 d3UNAN5ITY WazINNTIBUINeTNUS
AMTIMATUNITUINNTITEaN InoUaLaIngUsTase Uavauufgiunivualily
LRI YN Teman19Ide wagimuiusulseesaausival 9 nisenunisAnwiiunis

[

o a a 5 A
ANTTIUINYTUNUS ﬂ\‘iE‘UﬂWW‘V] 17

- »

oyagluuumsiseus ASILIUMSASIDEDU
nauwvaaumu (ILS) AIAWIDUA UazAs
Uszudawa

o @

naaauluoadaya
1azMsIvy

11 ]

L “ Wauunssuuaduauunisia asuwani1sive uasvarh
i . oa - B
naumusUuuUMIsISEuS S180WINEITWUS

‘:I R a v
AN 17 LLNumﬂﬁqUﬂﬁ%U’JUﬂ’]i’J"ﬂﬁJ
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uni 4

NANISAILLUNISIY
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msuvsngudeyaidunildumeiansiesgidoyafiddy welhaneaudile uas
msthdeyalulfedredivszansnm muideildfnsamaasanaianisuiangudayanats
W deslaun

1.w1978me3 Distance 91UU 2 ALUSLALA Euclidean Distance wag Manhattan
Distance

2.W1518Lm83 Linkage 971U 5 fauUslaun Single Linkage, Complete Linkage,
Average Linkage, Median Linkage WagWard Linkage

S O oA
RS YUUN

3. msfiwesauyateya Ui 5 Yateyalaun Yateyatinfnuiuiy
1, yadayatnAnuviUIynns duln 2, yadeyatnfinuiuTy eI Tuln 3, yadeya
InfinwUSaa1es TN 4 wazynveyatniSeududseudnudn 3

IINN1TNAFBINITRUINGUAUNA1ENIT1TN0T wazyadayaluuideiline
bl I a o Y 1 I gj a = 1 1%
L‘LJ?E’J‘UL‘V]EJ‘U‘VI’]L‘I/lﬂ‘LW’W]L‘Iﬁll’]gﬁllﬂ‘Uﬂ’ﬁLL‘U\‘iﬂQlII‘WUULﬁfJu “ENR]%GU’?J‘EJLLﬂﬂi}Jﬂﬁ?ﬁ@li%U%L’JﬁﬂUﬂ’]i

WUInNaY wazdIsnisuuanguegaliusyanznm

4.4 nan1IMAFaUANNLLILE1YaeAIRULUY (Evaluation)

My madeuANNILuSIve IR UL UUAUMSTIRe STMINgaN 2INN1TNIARDINY
fegrasnisulsyadoyaris 5 gadoyafumadimeifireudraumneausugadoyasuuuy
nsiseus lauin1slimsilines Euclidean Distance wag Ward Linkage lagnisiuunngy

P

panilu 7 nguvie K = 7 Adleg1an1suusnguaignisilinesimunzauivyadoya

oluil

2e



4.4.1 gptoyauniSeutudseudnuii 3

a2

v o & W - N al ° 1 ] . .
ﬁ@ﬂa%aUﬂLiﬂusﬁuuﬁUNﬂﬂﬁqﬂm 3 97UU 35 AU Iﬂf]ﬂ'ﬁLL‘U\‘iﬂ'sjilLL'U‘U Hierarchical

Clustering fI8N15IINI515me35 Euclidean Distance, Ward Linkage TngLaan Clusterﬁ 7

wsrzdanumuizanlunsuuinquuesyadeyainsiedl SSE reutetoy wazdnsnis

WaBuLUAY0Y SSE #58 %Change Mvigas 1AgdinzuIUNITIIUNGUVDINITUUINGY

WUU Hierarchical Clustering fail

Amalgamation Steps

Number

of Similarity Distance Clusters

Number
of obs.

New in new

Step  clusters level level joined cluster cluster
1 3¢ 91.263 14142 10 32 10 2
2 33 87.644 20000 5 34 5 2
3 32 87.644 2.0000 19 33 19 2
a4 31 87.644  2.0000 20 22 20 2
5 30 84.867 24495 21 25 21 2
6 29y, 84.232 255230519 429 19 3
7 28 82526 2.8284 27 35 27 2
8 27 82526 28284 2 23 2 2
9 26 82526 28284 12 17 12 2

10 25 82526 28284 6 14 6 2
11 24 82526 28284 4 11 q 2
12 23 81.651 29701 1 10 1 3
13 22 81.006 3.0745 18 20 18 3
14 21 79.776 32736 26 27 26 3
15 20  79.760 3.2761 16 19 16 4
16 19 76884 37417 3 7 3 2
17 18 70.580 4.7620 15 18 15 a4



18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34

17 70.241 48169 6 30
16 69.173 49898 8 12
15 65.700 55520 5 16
14 63.976 58310 13 24
13 63.352 59320 5 31
12 62.693 6.0387 2 4
11 57.251 69195 13 21
10 54.150 74215 2 8

43.217  9.1912 1 15

42.236 93499 2 26

35789 10.3935 1 28

9
8
7
6 6
5 22.506 125435 3
q
g
2

35.407 10.4552 13

9

7.880 149109 1 5
-8.586 175761 1 3
-94.925 315514 1 2

1 -136.955 383545 1 6

~N N A B~ N N O WW

—_
~N © O

3
15
18
28
35

a3

§nu1920UR1519NA TN NAIRINNTEUIUNITRUINGUVOIYATayat NS udY

AsouAnw1U9 3 Feagiansunludiuves Within cluster sum of squares 38 SSE Lie

#1saundszansamlunisuusngudeyaiivingay

Final Partition

Within Average Maximum

cluster distance distance

Number of sum from from
observations of squares centroid centroid
Clusterl 8 94.500 3.21053  6.25999
Cluster2 10 106.000 3.19569  4.12311
Cluster3 2 7.000 1.87083  1.87083



aq

Clusterd 7 41.143 230462  3.68117
Cluster5 3 16.000 2.11765 2.82843
Cluster6 1 0.000 0.00000  0.00000
Cluster7 4 41.000 3.11386  3.96863

WHUAIW Dendrogram LansisnadnsveINsLUINgNTsamsauendnmduRus
LLUUéﬂﬁu%uwé’qmﬂﬂizmumswmduLLUU Hirarchical Clustering fun1318imas Ward
Linkage ¢ Euclideance Distance lnguandlviiiutisnuneiavesaundntuusazngudoya
(Clusten) Tngazuymidnuandaiuluudasngudsnndnvazesaindnluudazngy (Cluster)
tuflenuadiendatu wanidefisunndnuusvesaninssrinanguiudanuunndatu 39

uuAW Dendrogram aztielupafunmaesnisutsnguuuudiuduldfsauluiifves

NswUINANlUTINIUAI 9 AenInd 19

Dendrogram
Ward Linkage, Euclidean Distance

-1368.851
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Learning Style (ILS) 719 8 AU gavingfinedu Member 3gUauanianangLavauIBnngs

(Cluster) vpsniseu Tunmsuuinguvesyadayatiy 9 Aanmi 20

StudentlD  ACT REF
1 1 0
2 2 3
3 3 0
4 4 0
5 5 0
6 6 5
7 7 1
8 8 0
9 9 0
10 10 0

[ T I =R =R =R RO AT R .

SEN

=R = R TR PR T R R - R T P
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VIS

i A=A = A =R = =]

=R T R T R VR T R T

VRE

=R = ¥ R = e R = T, R = ]

SEQ

GLO
o 1
3 o
o 5
5 o
o 3
o 1
o 5
1 o
o 9
o 1

Member

= N RS R T R R L% R TR SN R

AW 20 HaaNInnauYateyatuisENAnwUN 3 vesnisuuinguuuulagldnsilines

Euclidean Distance, Ward Linkage 9143u 7 ng

4.4.2 yntayaunAnwUSeyyns

YavayatnAnwUTyy1ns FulN 1 31 60 AU lnenswuanguwuy Hierarchical

Clustering san15lgn1513tmes Euclidean Distance, Ward Linkage lagiden Cluster 77

wszdanumuizanlunisuuinguuesyadeyamsedl SSE Nrouteloy wazdnsinis

WaguLUaIuaa SSE %138 %Change Mwisnzau lauiinszuIuNIssIUNaUTBINITLUINGURUY

Hierarchical Clustering #4il

Amalgamation Steps

Number

of Similarity Distance Clusters

Number
of obs.

New in new

Step  clusters level level joined cluster cluster
1 59  100.000 0.000 29 48 29 2
2 58  95.997 1.000 2 53 2 2
3 57 95997 1.000 16 52 16 2
a4 56  95.997 1.000 28 47 28 2
5 55 95.997 1.000 8 44 8 2
6 54 95.997 1.000 27 40 27 2
7 53 95.997 1.000 23 34 23 2
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11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37

52
51
50
49
48
a7
a6
45
44
43
42
41
40
39
38
37
36
35
34
33
32
31
30
29
28
27
26
25
24
23

95.997
95.997
94.339
94.339
94.339
94.339
94.339
93.066
92.938
92.938
92.938
92.466
91.593
91.576
91.297
90.175
89.325
88.830
88.677
88.677
86.820
85.779
85.021
84.276
82.617
82.097
81.429
79.984
79.369
78.936

1.000
1.000
1.414
1.414
1.414
1.414
1.414
1.732
1.764
1.764
1.764
1.882
2.100
2.104
2.174
2.454
2.667
2.790
2.828
2.828
3.292
3.552
3.742
3.928
4.342
4.472
4.639
5.000
5.154
5.262

21
20
14
16

31
18

30
11
58
55
a6
38
19
15
59
33
26
57
56
a3
10
36
29
a1
51
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45
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39
25

37

21

a2

17

43
14
18

17
12
27
28

27
23
25

21
20
14
16

31
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38
39
a0
a1
42
a3
a4
a5
a6
a7
a8
49
50
51
52
53
54
55
56
57
58
59

MITNNATIN TRIRINNTEUIUNTHUINGUVBIYATRYATINANYIUT YR

22 78.074
21 78.074
20 77.384
19 76.705
18 74.353
17 72.408
16 70.502
15 63.340
14 48.367
13 45.531
12 35.105
11 27.832
10 3.321

-0.359
-30.096
51268
-65.573

9
8
7
6
5 -114.709
4 -126.807
3 -192.115
2 -242.157
1 -464.227

5477
5477
5.650
5.819
6.407
6.892
7.368
9.158
12.898
13.606
16.211
18.028
24.150
25.070
32.498
37.785
41.360
53.634
56.656
72.970
85.471
140.944
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N5l UdIUTDS Within cluster sum of squares %38 SSE o151 Uszansninlu

nswlangudayaiivaneay

Final Partition

Number of

observations

Within Average Maximum

cluster distance distance




sum from from

of squares centroid centroid

Clusterl 11 410.909 5.70219  10.5791
Cluster2 8 128.625 3.90699 5.0544
Cluster3 10 274.900 5.05878 7.7078
Clusterd 12 43.000 1.77940 2.7234
Cluster5 aq 18.000 2.03657 3.0000
Cluster6 6 17.667 1.62446 2.3921
Cluster7 9 536.444 7.44934  11.0431

a8
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WHUAIW Dendrogram LansisnadndveInsuUInguTsamsaueninmduius
wuUEFUTuMERINNTTUINNILINGULUY Hirarchical Clustering fuw1sfiwas Ward
Linkage ¢ Euclideance Distance lneuandlviliiufianuneiavesaundntuusazngudoya
(Cluster) Ingazunudiunnisiuluisazndudsnadnvazvesaundnluusiazngs (Cluster)
fufimundeaieiu wandefisugudnuarresaundnssnitnguiuinnuuensatu 39
uHuAW Dendrogram aztelupafiunmuesnisutsnguuuudduduldfsauluifives

NswUenaNluTIIUAI 9 AenInd 21

Dendrogram
Ward Linkage, Euclidean Distance

-454.237

-2T6.151

similarity

-38.081
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1 Tngagdl StudentiD 1Ju
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Learning Style (ILS) 914 8 911 @A Ne7iAedN Member a8 UIUDNAMNIELAYANITNNGY

(Clusten) vosnFeu TuNSLUINGUVRIYATRUATIY 9 AINTNA 22
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StudentlD  ACT REF SEN INT VIS VRB SEQ GLO Member

1 1 5 0 5 0 0 5 0 5 1
2 2 0 7 5 0 0 8 8 0 2
3 3 0 6 7 0 T 0 0 7 3
4 “ 9 0 9 0 9 0 g 0 4
5 5 0 7 7 0 0 7 0 5 2
6 6 0 6 0 7 0 5 6 0 5
7 7 0 8 8 0 o 7 8 0 2
8 8 8 0 9 0 10 0 0 7 6
9 9 5 0 6 0 5 0 6 0 7
10 10 0 8 7 0 8 0 0 6 3

¥ v =2

MW 22 waaundnnauyadeyain@nyuIyaes TN 1 vesnisudanguuuulagly

9

W137mas Euclidean Distance, Ward Linkage 31131 7 nay

[ '

4.4.3 yntayaun@nwUSeyyns uln
v o = a N Y oaa ° ' | . X
YatayaunAny1UTay1ns TN 2 31w 24 au laenswuInguiuy Hierarchical
Clustering an15lagn1510tmes Euclidean Distance, Ward Linkage lagiden Cluster 71 7
wzdinuminzanlunisuuanguesyadoyansizdl SSE NAout1tes LagdnsIng
WaguLUawea SSE %38 %Change Mwisnay lagiinseuiunNIsTINNaUYeINITLUINgULUY

Hierarchical Clustering ¢iail

Amalgamation Steps

Number

Number of obs.

of Similarity Distance Clusters New in new

Step  clusters level level joined cluster cluster
1 23 93532 14142 4 8 q 2
2 22 92078 1.7321 11 24 11 2
3 21 92.078 1.7321 18 23 18 2
4 20 92.078 1.7321 1 15 1 2
5 19 89.890 22103 3 18 3 3
6 18 88.796 2.4495 19 20 19 2
7 17 87.063 28284 7 12 7 2
8 16  86.454 29616 2 3 2 a4
9 15 85536 3.1623 13 17 13 2
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11
12
13
14
15
16
17
18
19
20
21
22
23

MITNNATIN MRIAINNTEUIUNTHUINGNVRYATayatnAnwUTaya

14 84.156
13 78.583
12 78.474
11 64.102
10 59.426

49.225
49.044
47.286
38.540

9
8
7
6
5 -3.384
4 -3.914
3 -51.986
2 -83.101
1 -169.312

3.4641 10
46824 5
47063 6
7.8485 11
8.8707 6
11.1010 11
11.1407 1
11.5251 7
134371 4
22.6031 5
227190 4
33.2291 1
40.0318 4
58.8803 1
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N5l udINYDS Within cluster sum of squares %58 SSE o151 Uszansnnlu

nswlangudayanivangay

Final Partition

Within Average Maximum

cluster distance distance

Number of sum from from
observations of squares centroid centroid
Clusterl 6 47.5000 2.65764  4.03113
Cluster2 2 1.0000 0.70711 0.70711
Cluster3 3 17.3333 2.32940  2.74874
Clusterd 5 52.4000 3.03043  4.63897
Cluster5 3 61.3333 4.27825 6.18241
Cluster6 a4 82.5000 4.23943  6.39336
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Cluster7 1 0.0000 0.00000  0.00000

LWUNW Dendrogram uansdanadndvensulangudsaunsaveniennuduiug
LUUEIFUTUNEIINNTEUIUAITULTINGNLUY Hirarchical Clustering funn3diwas Ward
Linkage wag Euclideance Distance lneuansliiiufivmneiasvesaundniuudazngudoya
(Cluster) Ingagunudfiunnsnsilundasngudenudnvazvesandnluudazngs (Clusten)
fuilaundrendeiu uandeifleuaudnuusresandnsswinnguiufianuuandiaty 3
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Ward Linkage, Euclidean Distance

-168.311

-79.547

similarity

10.234

I Sy ! il

3012 23 6 13 1719 20 4 & 14 7T 12 9 5 10 21 11 24 16 22
Obsarvations

(%

WA 23 Dendrogram MM5IANENYBItinAN WISy 9IS TN 2

1% '
dvﬂd

NadnsveINIsuUINguyadeyatindnyiuiyy1es $uln 1 lngasdl StudentD 1Wu

g v 4 2 o ' a = v
Mgl uNuTIe¥evsLAnNS N LazAIArLUUYTHIIUTULUUNISISEUT Index
Learning Style (ILS) ¥4 8 AU gavingfiAaay Member 3gUaUanfanugLavauIFNNgY

(Clusten) vosiniFeu lun1swianguueayadoyatiu 4 AN 24



53

StudentlD  ACT REF SEN INT VIS VRB SEQ GLO Member

1 1 8 0 8 ] 10 0 10 0 1
2 2 7 0 8 0 6 0 8 0 1
3 3 6 0 6 0 6 0 6 0 1
4 4 8 0 6 0 0 9 7 0 2
5 5 “ 0 0 5 5 0 0 5 3
6 6 0 7 8 0 10 0 10 0 4
7 7 8 0 0 8 0 6 7 0 5
8 8 7 0 6 0 0 8 7 0 2
9 9 6 0 0 7 0 8 0 4 5
10 10 7 0 0 4 6 0 0 6 3

U =2

At 24 waaninnguandeyatinfnw Uy e Suld 2 vesnsudsnguuuulngld
W1578me% Euclidean Distance, Ward Linkage 3743U 7 nay
4.4.4 Yntoyaun@nwUTeen3 ST
yndoyatindnuuTye dudd 3 S1uau 48 Au Tensulsnguwu Hierarchical
Clustering Aaun15lgn1513wmes Euclidean Distance, Ward Linkage lagiden Cluster 71 7
mszdanumanzanlunisuiinguresyadoyainsizd SSE ineudiades wazdnsinng
1WasuuUaswes SSE wie %Change Munzay TaefinssuIun1sTINNGNvUINTLUINGUIUY

Hierarchical Clustering #4il

Amalgamation Steps

Number

Number of obs.

of Similarity Distance Clusters New in new

Step  clusters level level joined cluster cluster
1 47 100.000 0.000 14 43 14 2
2 46  96.038 1.000 17 44 17 2
3 45  96.038 1.000 6 42 6 2
a4 a4 96.038 1.000 10 40 10 2
5 43 96.038 1.000 31 35 31 2
6 42 96.038 1.000 18 26 18 2
7 41 96.038 1.000 13 24 13 2
8 40  93.137 1.732 39 45 39 2
9 39 93.137 1.732 27 28 27 2
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93.137
93.137
93.010
92.076
91.463
91.463
90.295
89.911
89.517
88.944
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87.969
87.939
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86.275
85.759
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84.073
82.114
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71.606
71.155
64.761
63.027
45.253
37.799
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1.764
2.000
2.155
2.155
2.449
2.546
2.646
2.790
2.828
3.036
3.044
3.056
3.464
3.594
3.647
4.020
4.514
4.796
4.833
5.077
5.662
6.130
7.166
7.280
8.894
9.332
13.818
15.699
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41
a2
43
aaq
a5
a6
ar

MITNNATIN MRIAINNTEUIUNTHUINGUVRYATayatnAnw Uy

35.994
20.363
19.078
-46.521
-49.185
-151.732

N W A~ U0 O N

-207.904
1 -332.047

16.154 6
20.100 2
20424 1
36.980 1
37.653 1
63.534 1
771y 2
109.044 1

15
16
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19
a
8

13

21

27

a8

A3 JuUUN 3 T9

N5l udIUTB Within cluster sum of squares %38 SSE oW 1sa1Uszansnnlu

nswlangudayanivangay

Final Partition

Within Average Maximum

cluster distance distance

Number of sum from from

observations of squares centroid centroid
Clusterl /A 3.500 1.32288 1.32288
Cluster2 19 186.632 2.77356  5.66322
Cluster3 aq 87.000 4.25194  7.53326
Clusterd 2 26.500 3.64005  3.64005
Cluster5 8 135.875 3.35056  9.15918
Cluster6 8 46.750 2.26776  3.79556
Cluster7 5 83.200 3.93656  5.34416

WHUAIN Dendrogram WaRSEaNaaNSUaIN1IThUNaNTIaINTauaNIALEUNUS

LUUSIAUTUMAIIINNTEUIUNTRUSNGURUY Hirarchical Clustering fun151iiinas Ward

Linkage a2 Euclideance Distance Inguandliiiiufsngarvesaundnluwiaznaudoya

(Cluster) lngazunudnuanasiuluusazngudnudnuuzyosaunnluwdazngy (Cluster)
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WHUANIW Dendrogram axagliueaiunmvesniswusngusuuaiudulangtuluifves

NswUanaNluTININAI 9 AenInd 25

Dendrogram
Ward Linkage, Euclidean Distance

-332.057

-188.031

similarity

-44.021
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Member

M Ln B L B W NN -

MW 26 waaunnnauyadeyain@nyUIyaes TN 3 vesmsudnguuuulagly

W1578me% Euclidean Distance, Ward Linkage 3743U 7 nay

4.4.5 yntoyaunAnwUTeen3

o o ¢ a o Y ad
YavoyaunAnvIlIgeIns Yuln 4

[ '

JUUN

[

1UIU

29 A lAEN1SHUINGULUY Hierarchical

Clustering saun15lagn1513tmes Euclidean Distance, Ward Linkage laglden Cluster 71 7

wszlianumuizanlunisuuanguresyadoyansizdl SSE NAoud1tes LagdnsInig

WaAguLUaIuaa SSE %138 %Change Mwisngay laudinseuiunNIsTINNaUYaINITLUINGULUY

Hierarchical Clustering ¢iail

Amalgamation Steps

Number

of Similarity Distance Clusters

Number
of obs.

New in new

Step  clusters level level joined cluster cluster
1 28 93497 14142 22 29 22 2
2 27 93497 14142 4 19 q 2
3 26 93497 14142 14 15 14 2
a4 25 92036 1.7321 13 16 13 2
5 24 91.702 18047 4 6 a4 3
6 23 91549 18380 11 14 11 3
7 22 90.804 20000 9 18 9 2
8 21 89.719 22361 5 7 5 2
9 20 89.272 23332 10 11 10 a4
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14
15
16
17
18
19
20
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22
23
24
25
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27
28

AT NATINVAIINNTEUIUNTUUINGUVRIYATRYanAnwIUT e

19 88.737
18 87.662
17 84.047
16 83.868
15 78.147
14 77.981
13 75.119
12 74.399
11 70.384
10 56.867

50.478
40.413
31.590
24.172

9
8
7
6
5 -30.822
4 -71.130
3 -80.092
2 -134.395
1 -290.274
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1 &9

NTUludIUYes Within cluster sum of squares 39 SSE lioWa1saunUszansninlu

nswlangudayaiivanzay

Final Partition

Within Average Maximum

cluster distance distance

Number of sum from from
observations of squares centroid centroid
Clusterl 2 58.000 5.38516  5.38516
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Cluster2 4 127.750 5.55661  7.09313
Cluster3 6 33.833 2.17503  3.14024
Clusterd 8 56.250 2.50697  3.53111
Cluster5 4 19.250 2.14624  2.81736
Cluster6 3 16.667 2.28090 3.01846
Cluster7 2 15,500 2.78388  2.78388

WHUAIW Dendrogram LandfaHaansvaIN1ThuINgudau1sauenfenIudunus
LUUAIRUTUNSIIINNTFUIUNITHUINGULUY Hirarchical Clustering Aun1s1iiinas Ward
Linkage wa¢ Euclideance Distance lnguansliiiufivnangiavvesandnluusasngudoya

(Clusten) IngagunudnuandeiuluidazngudnudnyasvesauBnluwdaznay (Cluster)

(%
' &Y 1

Tulianueaenaeiy LavdleigunaanvarvesauBnseninnguiuianuuwandiaiu

9

D

v 7
u\lwdnd

WU Dendrogram 9zyaglineiiunmasinisuuinguuuuasutulanssulufifves

nswuUenguludwIueng 9 fsnni 27

Dendrogram
Ward Linkage, Euclidean Distance

-280.271

. -160.181
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[% '
v v = a v A

nadnsvesnIsuUInguyndeyatnAnuiuSeyyes 4ul 1 lagasdl StudentD 1u

9 Y

[ % a 1

g ldunusedevenaninisey wazAIAzkuuUTEEUIULUUNITISEUS Index
Learning Style (ILS) ¥4 8 AU @nviNe7AdaYN Member 33 UIUBNIIMNIELAVANITNANGY

(Cluster) vasniseu Tumsuuinguvesyadayatiy 9 Aan1min 28

StudentlD  ACT REF SEN INT VIS VRB SEQ GLO Member

1 1 0 5 5 0 0 5 0 1
2 2 7 ] T 0 7 0 0 7 2
3 3 0 9 0 7 0 6 10 0 3
4 4 5 ] 6 0 5 0 6 0 4
5 5 7 0 0 9 9 0 10 0 5
6 6 6 ] 6 0 6 0 6 0 4
7 7 5 0 0 9 8 0 10 0 5
8 8 0 7 10 0 6 0 10 0 6
9 9 0 5 0 7 0 7 7 0 3
10 10 9 0 9 0 T 0 10 0 4

v
a o

a a i v o = a a 1 ' v
AINN 28 Naﬂll’]sljﬂﬂ@ﬂﬁ@eﬂaiﬂlﬁUﬂﬁﬂHqﬂﬁqjﬁqui PJUUN 4 GUENﬂ']iLLUQﬂ@]MLLU‘UIWSISU

o

W1578» 03 Euclidean Distance, Ward Linkage 31u2u 7 ﬂEj&J

4.5 mydaduszansamlunsinnguvasyadayatnSeudulseufnutn 3

nsruIuMsinAUsEansnmluddelasuinsnageuivemussansaniuaingy
voxfoyasonilunqulagldtunounisiiansainisiuaniniswuingulaeldal Sum of

Squared Errors (SSE) tialdann131diin a3 Distance wag Linkage Mvunzaslunisuuingy

[

YoyATeYa lagnunaNsus 2 fis 10 nau (K = 2-10) Inguadunaunsil

4.5.1 Tupouil 1 N1INATANANREETINIIIALABT Linkage Tiviungay

a a s . PN gj a Y1 Ql'
NSNATUINNTIRDS Linkage Munngautuaziasanldaade Sum of Squared

'
a

Errors %38 SSE ¥83n15181ma$ Linkage NflAedstoafigaidududuusn 91091519013

wUanguvesyatayatinissutulseuAnwiUN 3 fam13199 8 wudmnsimes Euclidean

=

Distance wag Linkage Ward lifintadigved Sum of Squared Errors %158 SSE Wagiian
397.43
4.5.2 FURDUN 2 NTATUNTIUIUASALABSTOINITITNT Linkage Ttz a

dalanisndiwed Linkage MMugauan Gau198ia1andIUILYBINGN NI0Add

[

Wo3 (Cluster) Mnuzaulnegn1INITUINIMUA %Change NBausulalaeynvoyaves

RY)
RS suTusenfnu U 3 duagia1TanAl %Change M1 15% WagldondUIUASALADSLIN

Houly %Change N8N NUITIVBINGUTMINTALYRYATaLAREN 6 Nu (Cluster
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6) FaiA1v09 %Change 1 19.92% Fadugailmunzauiuniswiinguuesyndayaiiniseudy

f5auAnw TN 3 95199 8

M13197 8 M1SeuigulsEANSA NNy Yndeyatiniseutulseudnun Ui 3 ¥4

nswUsngusuulaglivatensiiines Euclidean Distance wavlinkage 9113 2 - 10 ngy

Sum of Squared Errors
Euclidean Distance
Number of

Cluster Average Complete Single Ward Median

%Ch %Ch %Ch %Ch %Ch
SSE SSE SSE SSE SSE

ange ange ange ange ange
930 930 930 765. 930
= a7 a7 a7 71 7
865 665 865 574. 865

i 09 | 759 | .27 | 3991 | .09 | 7.59 | 83 | 3321 | .09 | 7.59
755 486 755 478. 748

= 90 | 1444 | 30 | 36.80 | .90 | 1444 | 65 | 20.09 | .24 | 15.62
494 426 693 415. 724

= 96 | 52.72 | 46 | 14.03 | .67 | 897 | 36 | 1524 | 64 | 3.26
351 351 490 346. 481

e 14 | 4096 | .14 | 2145 | .70 | 41.36 | 36 | 19.92 | .33 | 50.55
310 301 448 305. 456

= 43 | 1312 | 57 | 1644 | 85 | 933 | 64 | 1332 | .13 | 552
289 275 425 260. 434

= 43 | 726 | .06 | 9.64 | 88 | 539 | 8 | 17.17 | .13 | 507
251 249 418 228. 336

= 6 | 1496 | .06 | 1044 | 88 | 1l.67 19 | 1432 | .48 | 29.02
234 225 384 201. 329

=10 Jq6 | 724 | 36 | 10.52 | .42 | 897 | 31 | 1335 | 48 | 212
Average | 498 434 601 397 589
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.25 .55 57 43 .59

dmsumsuangudoyatnEoududsendinui 3 Ingldwisifimes Manhattan
Distance fums1fiaes Linkage Ainainmateiunuindades Sum of Squared Errors %38
SSE 4841 93imed Linkage Aitfosdign fan15197 9 nuim1s1fimes Manhattan Distance
wa Linkage Ward lieniadevas Sum of Squared Errors e SSE ﬁaaﬁqmagjﬁ 417.45

ARIITUITINIUA AN S VRTINS Linkage Timunzau ioldnisdmes
Linkage Minzanid daunazfinnsand uiuvesngy vieadanes (Cluster) Mivsngaulng
N15MNA1TUININUA %Change ﬁaam%’uleﬁmasqm%’agasuaqﬁfﬂL'%‘&Ju%”’uﬁﬁwﬁﬂwﬂﬁ 3 tuay
fi915007@1 %Change 7l 15% uagidansuuadamesmdndeuly %Change Aifia15n
wuIEuIuveIngNTiINzauveandeyanyfl 5 nau (Cluster 5) Fafldnwas %Change 7
17.83% e?faLﬁuamﬁmmzauﬁumsLL‘U'&mjmawm%’auﬂaﬁfﬂﬁau%guﬁﬁmﬁﬂmﬂﬁ 3 Fans1a7
9 FevniUTeuiiieuseninen1s1fwes Euclidean Distance #an151391 8 uar Manhattan
Distance #ann51971 9

witilefiansuniuSeuifisuseninansnfiwes Euclidean Distance #anns17l 8 uay
w1515mes Manhattan Distance #3m15197 9 wudimsnfiwnes Euclidean Distance tls
A1LaA8v89 Sum of Squared Errors %38 SSE fitfounianisfiwes Manhattan Distance
uideiifadonitnisuvandudeyalasld Euclidean Distance uag Ward Linkage Tun1s

wUanguvesyaveyatinseutuliseudnwUn 3

a = a a a ' ' v v a S o = Al
$15190 9 G]’ﬁ'?\‘]L‘UiEJ‘ULV]SUUiSﬁWﬁﬂWWﬂWﬁLLUQﬂQ@J ﬁ@ﬂQHGUﬂLiﬁJu%umﬁﬂmﬂﬂﬂqﬂﬂ 3 U

nsuuinguuwuulagldvanenisniines Manhattan Distance uaglinkage 37W3U 2-10 Nq

Sum of Squared Errors
Manhattan Distance
Number of
Cluster Average Complete Single Ward Median
%Ch %Ch %Ch %Ch %Ch
SSE SSE SSE SSE SSE
ange ange ange ange ange
930 831 935 765 930.
K=2
a7 .58 .36 11 765
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822 724 822 574 865.

= 38 | 13.18 | 54 | 1477 | 38 | 13.74 | .83 | 3321 | 091 | 7.59
755 522 760 491 826.

= 90 | 879 | 42 | 38.69 | .03 | 820 | .88 | 16.86 | 438 | 4.68
494 446 693 a1v 568.

= 96 | 5272 | 95 | 16.89 | .67 | 9.57 | .45 | 17.83 | 237 | 45.44
351 383 470 387 a61.

=6 14 1 4096 | .11 | 16.66 | .85 | 47.32 | .43 | 7.75 24 | 23.20
328 331 448 354 436.

! 38 | 693 | .71 | 1550 | .85 | 490 | .76 | 9.21 04 578
295 289 373 296 a14.

=8 1 | 11.05 | .21 | 14.69 | .89 | 20.05 | .83 | 19.52 | 04 5.31
270 253 344 274 391.

o 80 | 920 | .69 | 1400 | .56 | 851 | .45 | 8.15 | 417 | 578
250 226 337 250 379.

K=10
50 | 810 | .14 | 1218 | 56 | 2.07 | .45 | 958 | 417 | 3.16
500 445 576 423 585.

Average
.06 49 .35 75 85

d1mTun13NA1IUINTIMYBINTTTM 3 Euclidean Distance 3a319N5 WLAAINTT
wianguvesyatoyalagld SSE lunisusediuusednsninvesnisuiangs lagldnisiives
Euclidean Distance wa¢ Linkage 14 9 Tun1suusngusendng 2 83 10 ngu (K = 2-10) @4

wgrglimnyafiminzaniigalunisudenguyadeyamedsnis Elbow uag %Change Aalans

1 o

TunIn? 29 wazliloNa15aINTINAITUUINANATY Euclidean Distance wag Linkage #119 9|

q

wudndunsmludiuvesdu Ward Linkage f§nsin1sanasves SSE Nigeannillaeuiiiey
Y] d' ° Y] ¢ a X o Aa 1y . a =
funsmMau 9 wazduuadanesiiudulaeiidnsinisanasiandtidu Linkage 8 9 uda

F1UIUATANDIN 6 (Cluster 6) WuInsMTIAUTUNTEAIRA18IATDABN (Elbow) LilD

v o

NAsandumadSeuiisudseansainnisuiengy dvsuyateyanisoudy

Y

'
[y =

ToouAnw1UN 3 Tum15799 8 U L5INUI1AT SSE way %Change @9nAR oI UILaNANTN

Sufuns i Fahelinansamafimngandwiunisulaingudeyatuliseufnuln 3
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Euclidean Distance

Linkage
—8— fuerage
—B— Complats
- % - Singls
—& - Ward
—#- - Median

30001
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5007

Clustar

A 29 nauansnisiusngulaely SSE vasnisuusnaulagldwisiwes Euclidean
Distance Waglinkage 19 9 Wan1gamviazaulun1swUNguaIe3an1s Elbow waz

%Change

A115UN15NITUINTINVBINIS1TNDS Manhattan Distance uaz Linkage 6119 9)
[ieutsnguyndeyafie3s Elbow uag %Change dmdunsmaaiimunzaslunisuyangs
589319 2 9 10 ndu (K = 2-10) fsawidl 30 wuiinswnnsuvsngulneld Manhattan
Distance Way Ward Linkage {un1sutanguilnunzaniign 1lesainnisniines Ward
Linkage fi8m3In15anasues SSE figeaaiiloiTouiivuiunswau q uaznsmiinnutud

v v

Uogatna1eantarenilafiansaniniunTalseuisulseansamnIsuUngu m15199 9

(%
LYY o

aady Fuuedawmeinimuzadlunisulinguyadeyatniseududs sufnuUn 3 dwmsu

W1378m8s Manhattan Distance @ 5 nqu (Cluster 5)
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Manhuttan Distance

1000

Linkage
—8— Ayerage
—B— Complate
- - Single
—ik — Ward
—#- - pedian

900

8004

700

600

55E

5004

400

3004

2001,

Cluster

A# 30 N3 mkansnskuangulaeld SSE vasnisuungulagldnisnfines Manhattan
Distance wazLinkage #1194 9 livemganszaulunIsLuINgume3snis Elbow uas

%Change

}74 1
v aaA

4.6 nM3daduszansanlunsinnguvesyadayatinfneuSeynyinstudi
nssvrumsiadsavsnmlunmifedasunmaaeuiievnysyansnmutenga
vosdeyalnefidunoufinnsannisuansnisuingulagldan Sum of Squared Errors u3e
SSE Tunnsiansan Fsmsuisngailaglinsfimes Euclidean Distance wazLinkage #ing 9
Tun1suvsngusening 2 fa 10 ngu %3 (K = 2-10) Wilomgailmanzanlunisudsnguae
Foyamuadudail
4.6.1 Funoudl 1 msRsanALadsvesmiimes Linkage Awnzay

NMSRTUINITIRDS Linkage Mungauiuagiasanldaiagg Sum of Squared

! a

Errors %30 SSE 98301318003 Linkage NflAuadstesfigailudusuusn 91na13519013

wianguvesyadeyatin@nw1uTya1nstuln 3 dem1s1ei 10 wudtmisiiines Euclidean

'
a

Distance La¢ Linkage Ward TiA1Ladeves Sum of Squared Errors #58 SSE ﬁaaﬁqﬂ
26.16
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4.6.2 TURDUN 2 NTRTUNTIUIUASANBSVOINITITLDS Linkage Ttz a

Walansdmed Linkage Mvunzauan §AN198NI1TUITINIUVRINGN YToREA

v v =2

M3 (Cluster) Muangaulagn1siasannmvun %Change Noausulalagyntoyatindny

U
YTy e 3 ulf 3 duaziiansanal %Change 91 25% waztdoninuiuraainesniiitoului

MI1T0U1 NUIITIWIUVBINGUTNUI2ANVDIYATUABEN 7 Ny (Cluster 7) BallA1v03

Y 9
(%

%Change 7 26.16% Fudugaimunzauiuniswiinguresyadoyatinfnwusyynstudi

3 A9P15199 10

M15197 10 madIeuiigulseansamnisulanguyadeyatinAnwiUsyaestuln 3 ves

nsuusngusuulagldnalenisniiiwes Euclidean Distance waglinkage 3113 2 - 10 Ngy

Sum of Squared Errors

Number Euclidean Distance
of Average Complete Single Ward Median
Cluster %Ch %Ch %Ch %Ch %Ch
SSE SSE SSE SSE SSE
ange ange ange ange ange
2628. - 2548. - 3055. - 2508. - 3055. -
K=2
99 23 61 85 61

2286. | 14.95 | 2181. | 16.82 | 2901. | 5.296 | 1983. | 26.46 | 2924. | 4.474
K=3 97 | 5159 | 25 | 4297 9 8744 | 86 | 3056 74 | 5857
01 99 62 87 75

1871. | 22.17 | 1552. | 40.47 | 2771. | 4.717 | 1394. | 42.23 | 2771. | 5.541
K=4 89 4379 | 801 | 1960 18 1241 8 2578 18 3217

1722. | 8.648 | 1243. | 24.87 | 1819. | 52.32 | 1084. | 28.58 | 2132. | 29.93
K=5 89 2596 | 445 | 8945 25 5408 | 707 772 75 4591

1094. | 57.42 | 1094. | 13.61 | 1248. | 45.75 | 718.4 | 50.97 | 1926. | 10.68
K=6 445 | 1341 | 445 | 4206 | 167 | 3733 57 7302 84 6408
41 29 27 75 84
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998.5 | 9.601 | 569.4 | 92.19 | 1106. | 12.82 | 569.4 | 26.16 | 1675. | 15.02
K=7 7 2297 | 57 | 0981 | 293 | 4269 57 | 5276 11 7669
59 94 88 75 82

4735 | 110.8 | 473.5 | 20.24 | 728.4 | 51.86 | 482.7 | 17.95 | 885.6 | 89.14
K=8 82 | 5472 82 | 4646 93 0484 | 61 8368 29 3535
12 59 63 27

3979 | 19.01 | 386.8 | 22.40 | 632.3 | 15.21 | 386.8 | 24.78 | 859.1 | 3.084
K=9 15 5870 | 859 | 8699 14 0639 | 859 | 1233 29 5193
22 83 02 95 21

324.7 | 22,54 | 311.2 | 24.31 | 559.1 | 13.09 | 313.6 | 23.33 | 785.9 | 9.313
K=10 15 2845 | 192 | 2992 14 | 2142 | 859 | 5444 | 29 8184

26 26 21 79 24
1311. 1151. 1646. 1049. 1890.
Average | 1074 2572 9245 2137 7685
aq 33 56 56 56

(%

dmsunisuusngudeyatnAnuisedvdSyy1n3tula 3 laeldnifiwes

2]
(%

Manhattan Distance fum1s1fitsas Linkage finainwangiiunuinanade Sum of Squared
Errors 130 SSE ¥84M13181005 Linkage ifoafign f1a15197 11 wuitwisines
Manhattan Distance &¢ Linkage Ward TALadevee Sum of Squared Errors #38 SSE
Ylovilanetjl 1065.167

NIRITUITIUIUAS AN ESUBINIS TN eS Linkage Tluunzay Weoldnisifiwes
Linkage Anzanid daunagfinnsand uiuvesngy vieadames (Cluster) Mivngaulng
N1379138AMUA %Change ﬁaam%’uléﬂmasqﬂﬁﬁauuaéuaﬂﬁﬂﬁﬂmizﬁw%mmm%%uﬂﬁ 3
9£fa15001A1 %Change 71 25% wazidenduiuadawmesiiddeuly %Change fifiansan

'
(=]

NUIITUIUVRINAUMUTANVRIYATRYADEN 7 Nau (Cluster 7) FailA1v89 %Change 7

Y

(%
CE [y

25.33% FadugaiimunzauiuniswuinguvesyadeyainfnunssauuSyynsguln 3 69
M131991 11
waillaNasuLUTeUBUSEnInann1imes Euclidean Distance A9n131991 10 wa

N15730MBS Manhattan Distance A9n157197 11 WUIIW15186995 Euclidean Distance 1l
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ANLRABYDY Sum of Squared Errors %58 SSE M11a8n11W1513LMes Manhattan Distance

NUITEUI

wlinguvesyadayatinAnwiszauuTayne

L8N

[
a o

IVUN 3

'
=

(%

Aen1swdsnguiayalagly Euclidean Distance wag Ward Linkage Tun1s

A1319% 11 ms1adIeulieuUseaninmnisudsnguyndeyatinfnuuSygestuln 3 ves

nsuusngusuulagldvatenisniiines Manhattan Distance uaglinkage 31131 2 - 10 N

Sum of Squared Errors

Manhattan Distance

Number of
Cluster Average Complete Single Ward Median
%Cha %Cha %Cha %Cha %Cha
SSE SSE SSE SSE SSE
nge nge nge nge nge
K=2 2628. 2899. 3055. 2508. 3055.
99 : 62 C 61 : 85 _ 61 _
K=3 2286. | 14.95 | 2032. | 42.65 | 2924. | 4.474 | 1974. | 27.06 | 2053. | 48.79
97 516 61 501 74 586 466 ara 53 792
K=4 2137. | 6.969 | 1657. | 22.60 | 2771. | 5.541 | 1449. | 36.21 | 1445. | 42.03
97 228 915 037 18 322 478 911 819 23
K=5 1722. | 24.09 | 1489. | 11.29 | 1819. | 52.32 | 1103. | 31.35 | 1331. | 8.625
89 208 665 449 25 541 465 695 013 a6
K=6 1094. | 57.42 | 1139. | 30.74 | 1666. | 9.178 | 737.2 | 49.68 | 966.2 | 37.75
445 134 37 462 31 364 15 022 42 152
K=7 998.5 | 9.601 | 614.3 | 85.44 | 1288. | 29.32 | 588.2 | 25.33 | 870.3 | 11.01
7 23 82 977 51 069 15 087 67 547
K=8 4735 | 110.8 | 4926 | 24.71 | 1193. | 7.927 | 502.7 | 17.00 | 624.8 | 39.28
82 547 32 419 87 161 42 136 78 591
K=9 3979 | 19.01 | 4238 | 16.23 | 632.3 | 83.80 | 407.1 | 23.47 | 467.2 | 33.72
15 587 333 249 14 967 591 557 83 581
K=10 3247 | 2254 | 348.1 | 21.73 | 371.4 | 70.24 | 3149 | 29.29 | 371.4 | 2581
15 285 666 29 15 461 091 a17 15 156
Average 1340. 1233. 1747. 1065. 1242.
672 133 022 167 906
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dmiunisiiansannsvvesiinmes Euclidean Distance 3a319NTINUAAINTT
wianguvesyadeyalagld SSE lunisusediudszdnsnmvesmisuiings lngldnisiimes
Euclidean Distance wag Linkage 14 9 Tun1suuangusendng 2 3 10 nqu (K = 2-10) &4

wyglinaafimunganiigaluniswunguyadayamedsnis Elbow uag %Change AeuanS

| o

Tun iyl 31 wazldloNaTUINIIMNITULUINGLA1E Euclidean Distance Wag Linkage #14

q

wudndunsmludiuvesdu Ward Linkage fl§nsin1sanasves SSE Nigaannillaeuiiey
Y] 44' ° Y] ¢ a X o Aa 1y . A =
unsMaY 9 wazduuedanesiiudulaeiidnsin1sanasfandtidu Linkage 8 9 aud

FUIUARAWDSN 7 (Cluster 7) wudinsndanuduidesaindregaderon (Elbow) wle

L1 2

#saniuiuauUTsuigulsganiamnisuuings dvwsuyadeyainfnuiuTygns

FulN 3 Tun15199 10 WU L51MUIAT SSE way %Change @annaosnulilaNansuIsIuAy

(%
a o

N3 FagrglisannsamaanungandmsunsulaingudeyatnAnwi sy estuln 3

Euclidence Distance

Linkage
—— lLyerage
—B— Complete
-4 - single
—& — Ward
—#- - Median

30001

25007

20007

W 15004

10001

500

Clustar
A 31 nsuansnisiusngulaeld SSE vasnsuusngulagldnnsiiwes Euclidean

Distance Waglinkage 19 9 iengaivangaulun1swuINguaI8Ian1Ts Elbow way

%Change



70

A115UNTIINATUINTINVDINITILADS Manhattan Distance wag Linkage 619 ¢
\iauUsnguyadeyanieds Elbow wag %Change dwmsunismanfimunzanlun1suungy
5¥7379 2 9 10 ngu (K = 2-10) e 32 wudinsinnisudangulagld Manhattan

Distance waz Ward Linkage {un1suusnguiiviunzauiiga ea1nnisfies Ward

al

Linkage 18m51n15aAa9v8s SSE NasgailaiuIauiguiunsivay 9 uaznsiniaiudu
Uogana1eynUareniilofianTanIIuAumMTIUTsUIg uUTEANEAINNTHUINGUATTIN 11

Aely uruedawmesiwanzanlunsuunauyadeyainAnwUsyaniTuln 3 dwmsy

W15730M835 Manhattan Distance fia 7 ﬂfju (Cluster 7)

Manhattan Distance

Linkage
—&— fverage
—B— Complets
-4 - sSingls
—& - Ward
—#- - Median

3000

2500

20007

w
Vi 15001

1000

500

Cluster

A 32 nsmkansniskuangulasld SSE vasnisuuangulagldnisniines Manhattan
Distance Waglinkage 19 9 tiengaivangaulun1shuINguaI8Ian1Ts Elbow way

%Change

4.7 nsulU1geu (Deployment)

31NA15NTEUIUATITATIAANDTIAT s dayaULUUNISIS U VRS o uH Y

Y Y

(% 3

wadiawiloateya Inedinguszasdivelviduugidmivenasdgaeudmiunmsuuainguly



71

Fusou LaznsuitdnvaznisiseudveananinEey dnfinw Fauhungnisesniuu was
Waunlsunsulugluvuveaivladiiennuazainsenisldnussuvaivayy uasantuneu

N3EUIUNTIUNTYINUYe115dRAOU Failnruiunisidany Asnni 33

anulkaauuuwasu
tnddoya

souUszudana

ECRIISE
KSa3WdUANGU

ugavsigtauniSau
uazngunuuzii

AUMISHIIU

A 33 997U FlowChart Uanan1syinuuedssuvativayunisasy lnen1snnguiniseu

mugduuunsiseus

nseaniuudayalidiludiumsiaussuvaiuayunMsaeulagn1sInnguinisey
mugluuunsBous fidseenuuuszutluguuuuiivled lnsnniliwamundeniu PHP
Tuduvesgrudeyauaznsdniuteya uazindefugrudeyalaeld My sQL etufindeya
aslugudeya

FamsuddeyaguuuunisiseuivestinEey aldiluguiuuveanis import Excel

Inldnusuuuuiuuneasuilinilluan fnni 34



72

o L ar = 2/ @ = dli o = o
Undnveyarinwenisiseudvestineu et ludnszideya (Data
Analysis) dmsunstianuuzinlunisianauvestniseunalutu
ISEU.

amilluaauuunesy | @ dnduuunesudeya

=] o o v v o a o v a s
AINN 34 Wu’]‘ﬂaﬂ']ﬁu’]LqueuaiJ“aV]ﬂﬂgﬂqiLiﬂugsu@\‘iUﬂLiEJu LLagﬂTﬁﬁwaﬂLLU‘UwaﬁﬁJﬂqi

id1veya

I
Y

miasanInshuziIngulvangauiuyadeyaseautuseu lunsiiniinisseydu

a a

SEU MOUTEU IIUIUNGN UANAAUNT TEUUILLAAIVNANRUETINqUAMINE AU UTUS 8 Y

'
=

W 9 @ewenmileanfszuvazwuziinguvidugldnuseuunad gldauaiunsausuuss

Qe

° | oAy v a Ay v ya v ) PN
ﬁ]qu’—JUﬂfjll‘V]maQﬂ'ﬁ V@Qlﬁﬁluwm@flﬂqimqmﬂquWaQﬂqﬁlﬂ@ﬂﬁnﬂ ANATNY 35

AuMnguTinEEY wuzingy

LAansyAuTil Waodey LAZITIIUASY fiu Tsaudnmniv 3

DU5HU: TIRUA

e

wianisinvannnvastiniGeulunaulumnzay.
. & oo o . ‘ . - .
seAudusou LGRECH druaungu Drununguiiuuzii: 6 ndu

lsgudnuln s v ~HouFuu nawue. v 6 Ny v

AU

AW 35 nihFenanINT skusNGUNWIzaNiuYaTaLATERUTUIS B



73

NIAUNTIEVRTUNITEU TULTEY NOAUTEY Uazd1UIUNguNfeenITniauiulaningy
= o o [ [ v a 1 2 o v Ve a ' ! S o ~
Mmuzihdwsuandniseutigligasuaunse Suitsandnluudazndunislutuseu e

ANTIUNTLUINGNTNLITEUMNANNABINTT F9NNT 36

AuMnaunTeY wuzngx

= PV 5 o, o - ' & oo = =
LRaATEAL U Wadlstu LazanuIUuUNaU U WaaudAns=tli 3
wandsiauandnuastnGeulungulumanza. Woudeu: Vianun
szAutusey HioaFau Fuaungu Fwrunduituuzi: 6 ngu
Uspudnwlins v ~-Wousuu nanua. v 6 nax ~

AU

; P e y ;
As1ARTEdetinSEY YU siseuAnu N3 WeuSuu Nianua $1UIU 6 NaN

Show 10 ~ entries Search:

ddu 4 Anbwihde o umEna seutu vinaGoy ngu
1 Wwnane = im Siseudnsing 1 2

2 v = Ssaudnulifg i 4

3 LN . S fsunAnuita 1 4
a Wwinang . =l SseudAnunding 1 a

5 Anng L fisuAnuniing 1 2

6 g g Sasufinuing 1 4

AN 36 MBLAAINANTAUMNTIBTBTNITEU TUISEU YBAUTEY KArIIUIUNGY

N3AUIINEEULAENTTEUTUSEY RUTY kaETIUIUNGUTIRBINITUANITIETD

sruvdtanuisanilvanlidluguuu Excel File sredenninowiielionaisddaou

annsainlulganusale fanwi 37

Downloads Boa - 2

I P w e J b? report (3).xlsx
AUNNFUUNLTEU HUZY " Open file

PO . . sz 8 g
LanszAu viaadeu wardnuiunau ay g Ceemore
wendsduuandnvesinSeulungulumunzan. iouBw: navun

v B oa L o ' o oA o ]
sufutuiSeu Visaleu drurungu drurunguituuzd: 6 ndu

@ = 4 y o 1 '

fsoufnuiins v —houdbu v v 6 Ny v

Aum

A 37 nihveunanililanniiivan Excel File 1edotinisouaInnskuanguausey



74

4.8 nMsusziiiuanunawalaangldau
Asansussiiuaufianeladenisidaussuvatduayunisasulagnisinngy
dni3sunusunuunisdoud SeasmnedfiensanasuinisuanguiinFeulutuiFen
a1unsadenasion1siTeuiuaznanisiieuvesineulanseldl saudanisadianuduiug
serininiseu ware19sdiasu Inslidneunuuaeunuanuzinitey wazinAnwidnuiy

199 A uare1AsERaouIINIY 15 Auluanudunisinw A 38

AnuLUUdaUANANNRlINd LT

AW 38 Frauuuuasuauauisnalagldussuvativayunisaeulaensianguiiniey

mugduuunsiseus

wuvasuauauiisnelagldnussvvatdvayunisasulaun1sdnnguaniseuniy
sunuunsFoud fediazuuussiuaraioneladsd sandiga (5), 10 (@), Yrunans (3), oy
(2), ﬁaaﬁqﬂ (1) TnenusnunsUseiveandu 3 anu lawn

1. shuprwitswslasionisuiengy wuinddiedsazuuussidiuegil 4.16 Azuuu 39
aglusysunalaunn

2. frumsldnuszuvativayunsanguinFeunmsuuuumsSeus nuindaeds
AzuuLUsTIIUOET 4.16 Azuuy Jsegluseiumslainn

3. muanuianeladesruvatiuayunsinnguiniseunusUukuUNSISEUS WUl

AlRRuAzLUUUIEIIUeYT 4.49 Azuuu Faeglusziunalauin



75

FeagulaennsinvewuuUssiiuauianeladenislydssuvatuayunisasulag

[ 1 C% a a |4 1 [ ¥ a =
ﬂ’]i‘ﬂﬂﬂq&mﬂLiEJ‘L!GﬂiJE‘ULLUUﬂ’]iLiEJ‘UE’e]EﬂUi%@U walaun A‘Lu‘i{!ﬂﬂ’]Uﬂ’ﬁﬂigLﬂJu lnail

a U dl
AMNTINVDINTUTELUUAZLUY AIAITIN 12

M13199 12 ansasUaziuuInkuuasuauauianelagldnussuvativayunisaeulag

nsIanguinSeunNsULUUNISISEu;

anuzgUusziiy wuuUssdfiudnud 1 | wuuussdiudiud 2 | wuuusadiudiud 3
Sfseufnw U 3 4.05 4.09 4.48
USeyay103uTi 1 4.13 4.04 4.44
USeyeyn3tudil 2 4.21 4.32 4.56
USeyamasudii 3 4.17 4.16 4.42
Useyamasudil 4 4.06 4.11 4.52
A3 Waze1TY 4.32 4.21 4.5
AafuAzLIY 4.16 4.16 4.49




76

undl 5
a3U uazdalauauu

5.1 #3UNan15Y

sruvatuayunisasulagdnnguiniSeunusuiuun1siseus amnsawuzdinig
wisnguaesiniFouniglutuiFsuiimuzanaugduuunisoudvesiniFeu ey
UszdninavesnsfinulaguTuusdisnmsaeulivanauiuanuveulunisseuivesinGey
ufiazAuFENITAIMUAsULUUNTBsuiilanduvesiniFouusazay deiiunsussiiy
sUuuUnsi38u3 Index Leaming Style (ILS) wielvifasuanansausuusisdonisaoy nagns

nsaeu wagditnmussulingauiuanudensauyanavestinseuusazau

AM3kEUNTAe U aufuiniFsundagauntuguninieuiiuasiiiy
UszansamlunisiSeulsifufuiniEouetisgean uragfinaisznsinauaunisasulidy
p193dosnnmEIzFer U sasulivi iU ZeutageilutuSeu dans
ann15ERI0 I sTluMITuEUNsaou MsviaudlasuuuunisSeudvesinGouludy
Bou msutsngulimngaslaeianglunguiianudesnismsguuvuiSeuiiindendeiuan

MITNUNUNTADY Uazn1sEN1TaauivenIdyaeu

vhefaaudutminedenisaiedanediulunisatuayueiansdiaou dmiuns
wisngaluifinnsiidiusmmesiinGou duauvinuensdinm wazaduayuzuuuunsBousi
uanenefy Mevieunguiiiiuszansamdsfesnsanumanisiitaay waymsatuayuain
9195dog1sdeiles uUszavsnmnseuliiulinGeu wazananszvesenansdlunisns

wHuNITARY ANulagUiuuNsseuIvestnBsulsasAuluwS e

dewmulueasunutlunsudainguinGeunmsuuuunisiious Tagldnmmneass
fumisdiwes wazyndoyadiunnsineiu emmwisdmesilinadwsvessaneifiuiimanzan
fugadoyanienising nsannszurumsvhdivesadoyaiunisdimesluguuuusi
Prgansrezialunsiuinguyadeya lnenuiinisdanguinSeumusuiuunsiseuives
Thideuiu $eanesiiu wazmniwesimnzaude Euclidean Distance uay Ward Linkage
filsiAadeves SSE Aidesnimsidiwesdu 4 anmsveassiugndeyazuuuunsiFeuiues

UniSeuns 4 yadeya Iuungulvsnvaudnsuntswuztlunsiunguae 6-8 nay a9l



14

[

A19RI1N1TUABURURAIYY SSE %30 %Change MnWauly wasivuzay n1suseyndld
9aN03NN LagN1TMasNLULUININN1TNAGRRLULARAULU NN I8TUNITI
WEwesmunzauiuyadeyaiunsinwliegrediused@nsnm sewnil lumaduuuull

aunsatieiauInsEuvatuaunsInnguinSeunusULuUNsSBus laeg 1w ay

5.2 Ugunn uazgudssa
nsUSumnuaneugn1seusveslney dusunisdanguaiuuiuunisiseus
v o = =¢ ! v a 1 A ! ! o & <
gaeeAdefienuuandivesinissundazaulunisidenngy uin1sviuuuidenady
guassanseviligasudainugeeintunisdnngulnvinzauiuaiudesnisvesiniteuy
wonandl Gadimnudululdindasuersliaunsousuduiiensuausininudoin1sves

Jniseunsazaulaog1ununza

nmsUszanunuiuseniiniteulungy Msdengumuguuunisiseuienavilnga
AnuuanalusEAuaug wavvinwevesdniteulunguinednu deoravilinandamilunis
afrunssunmanzan wazniswdsduanuisenitainiSeulungy wenainid n1saiis
v w saa ' o o @@ A Ay oA Y | a
AnuduTusasenIvinSeulunguiidusnguassaiidessulle lnedesdinisduasy uag

arvayulidnSeussuiTniy wasuvtuanuslunqulagidnlanenisiseus;

mMsvageuszuUkuzinsianguausULuunMsseusilussezusnvesnsmaaeeiu
wisfmesinarnuarefldlunsuisngy Tnefdywiierdunisnaaeuiuyadeyasuuuy
msFousiveniiuly wazszeznanlunisiamunanisiinisutangullldedaaziden
og1lsfimu MInaaeuieIBnsdu q Sadisz@nBnmda Tnsannsauugiiinsuings
visodnnguvesteyaldedraumnyandiornaziisnisiaussansamilvnzauiuyadeyaly
uiazgUuuy udlunsdiinaasanisuvsnguuesyadeyalasldsuuuudu 4 Basmeaeu
Uszandnmeawdeulumuderivun wavdadilymidesszoznaildlun szuiuniswmiles
foyafunsmaasuszningadeyafunsfineseing q evimsimesimuzauiunsg

wlinguvesyadeya saludmesidaisdaymdnanlunmsliessinanismageu



78

5.3 dalauauue

szuvatvayudaaulaen sdanguaugusuunisisen; uLuIAnaINALaeInIs
Tufmundunisinudaieidestunisuuzdidangy viouvsnduanslududeudaiu
ATeTiAeteslusunsine Geanunsataniiamn dosen Aany Useiliune wazveny
uannsldauliearenuided funuideluguuuud o fedrendstu TaonsiFeuives
tniSeuuiazauiidnuny uaraladmaFousfiuandeiuly fadunisdanguauguuunis
ZoufazdelidaouaunsauiunmsaeulimnzaniuaudeansvosiniFeulduntu u
nmsdanguiniSey aunsaldmaiaciieg wu nsdrsanginssunsieuivesinEey n1sin
Aanssuiteimuniney wagarwamIsanugULUUMISouS

U 1%

nsaullumanisuuaingulvisessuiuyatoyanuuyseiiuay wanniloanuuy

UsziliuguuuunisiSeusilaiaueluvesnuidy wazn1megesuussansnmuedluinad
< a =) [ ! a o = v o ' !

wnzandudnuilalade nadndeviladenisiauenisldanulima nisuuiinisuuaingy

Y9IUIFYAUNTLUIUNITRUINFUIUNIUNIAAIUVDINITANYY WATAIAAIUDY 9 7

wenwiloannmsfine ieazanunsadangulaegamungay

nsasesruvatuayugaoulaen1sInnguauguLuuNIsteus aunsavinlalagld

wAluladn13i3eusigean (deep leaming) LaTiAsIEnivayangAnssuNIsiseuveslinisey

Y
[

wagdanguanudinuarnnseuivesinitey wenantl faunsardienmaliansiseuiuuul
d1u37u (collaborative learning) unldlunisasnsssuvativayugdasu laglvidniseudnsiy

AanssuMsieRiTINiy wazuusunuiiu ieduasunisiseus

negeulszansnnveslunaanuisavilalagldisnisou o Ndsadliusednsnin

oAty wennildaunsauusinISnsudanguvsedanquuesdoyalregraninzay

lngld3snsinussdnSamimunzauiuusazsUuuuvesdeya luaddeiladnisausisnms

TaszAnSAImMNITLUINGN LazNITIVEUUTEAVBAINNISWUINGUAI8 %Change BEslsh
Nag v 1 ' 1% o ax a a v

a1y Tunsinldguuuunisuianguvesyadayadu 9 In1maaeuUsednsnInen3azies

dl 14 o dl U ! ¥ gfl
Wasulyarudenmvuainivuisanduwdasilyuvuvesdaygatdu g



UITIUIUNIY

Abdelhadi, Abdelhakim. 2017. Group technology application to investigate
learning/teaching style of engineering students. IEEE.

Aggarwal, Charu C. 2014. Data classification: algorithms and applications. CRC
press.

Cha, Hyun Jin, Kim, Yong Se, Park, Seon Hee, Yoon, Tae Bok, Jung, Young Mo LiaclLee,
Jee-Hyong. 2006. Learning styles diagnosis based on user interface
behaviors for the customization of learning interfaces in an intelligent
tutoring system. Springer.

Felder, Richard M uazSilverman, Linda K. 1988. Learning and teaching styles in
engineering education. Engineering education,78(7), 674-681.

Felder, Richard M wazSoloman, Barbara A. (2000). Learning styles and strategies.

Felder, Richard M wazSpurlin, Joni. 2005. Applications, reliability and validity of the
index of learning styles. International journal of engineering education,21(1),
103-112.

Han, Jiawei, Pei, Jian wazKamber, Micheline. 2011. Data mining: concepts and
techniques. Elsevier.

Jain, Anil K. 2010. Data clustering: 50 years beyond K-means. Pattern recognition
letters,31(8), 651-666.

Klasnja-Milicevi¢, Aleksandra, Vesin, Boban, Ivanovi¢, Mirjana tazBudimac, Zoran. 2011.
E-Learning personalization based on hybrid recommendation strategy and
learning style identification. Computers & Education,56(3), 885-899.

Lailiyah, Siti, Yulsilviana, Ekawati lazAndrea, Reza. 2019. Clustering analysis of learning
style on anggana high school student. Telkomnika,17(3).

Litzinger, Thomas A, Lee, Sang Ha, Wise, John C wazFelder, Richard M. 2007. A
psychometric study of the index of learning styles©. Journal of engineering
education,96(4), 309-319.

Nafea, Shaimaa M, Siewe, Francois kazHe, Ying. 2019. A Novel Algorithm for Course

Learning Object Recommendation Based on Student Learning Styles. IEEE.



80

Pimpaporn, W llazMeesad, P. 2014. A comparative efficiency of clustering using
dynamic feature selection optimization of subspace clustering algorithms.
Information Technology Journal,10(2), 43-51.

Svarcova, Eva WazJelinkova, Kristyna. 2016. Detection of learning styles in the focus
group. Procedia-Social and Behavioral Sciences,217(177-182.

Thinsungnoena, Tippaya, Kaoungkub, Nuntawut, Durongdumronchaib, Pongsakorn,
Kerdprasopb, Kittisak tazKerdprasopb, Nittaya. 2015. The clustering validity
with silhouette and sum of squared errors. learning,3(7.

gaLid, W o0 0w, gaLhiu, 4N 1w 5 8w, Uszaw, Ned fnd 1Aa LazUIzan, %e 81 LNe.
2018. N3 @379 §OU AN LAUIZRY VDI N3 A0 ﬂéjw ﬁaga auNIN IR, N3a3

Anenenaa’ uaz imalulad wnIngab ausnwsws,20(2), 127-147.



AANUIN N

NSUNAUBNANIUITINITISAUUIUIYIA



Teaching support system by Clustering students
according to learning styles

Narongsak Yotaman, Kitisak Osathanunkul, Paween Khoenkaw and Part Pramokchon*

Department of Digital Technology Innovation Science
Faculty of Science, Maejo University
Nongharn, Sansai, Chiang Mai, 50290, Thailand
narongsak_aoe@hotmail.com, kit_o@mju.ac.th, paween_k@gmaejo.mju.ac.th, part@gmaejo.mju.ac.th

Abstract— The student has different learning styles that
indicate characteristics and skills of their learning. Assessment
of student learning styles in the classroom will help the teacher
know the cognitive skills of students, This research applies the
hierarchical clustering technique for grouping students from
similar learning styles in the classroom. In addition, the research
investigates the parameters of hierarchical clustering that are
appropriate for the learning style data and measures the
efficiency of the proposed clustering method. Those parameters
are the number of the cluster from 2 to 10 and two distance
functions (Euclidean distance, Manhattan distance) and various
linkage criteria (Average linkage, Complete linkage, Single
linkage, Ward linkage, Median linkage). This research collects
student learning styles into dataset using questionnaire for
constructing student clusters. The experimental results show
that grouping students into 7 clusters using the Euclidean
distance function and the ward linkage criteria yields the highest
efficiency in clustering (Error Sum of Squares, SSE = (569.457).
Therefore, this method is suitable for the student learning style
dataset collected in this research. The resulted clusters can help
to identify the behaviors and learning skills of students that will
encourage teachers to select appropriate methods and teaching
tools.

Keywords— Index learning styles, Student Grouping,
Hierarchical Clustering

1. INTRODUCTION

In the classroom, student have different learning styles.
Teachers can observe these characteristics and learning
behaviors that there are similarities within the group and
differences between groups. The learning style will be an
indicator of the strengths or talents of that group of students in
the future. Detection and analyzes groups of learning styles
for students in the class to recommend the teacher know of the
learning styles helping teachers to suitable plan to teach or
enhance learning in the classroom effectively. Data clustering
is a method of analyzing and partitioning data. The method
brings data that have similar characteristics or similar to the
same group (called clusters). The cluster determination is
based on similarity approximation between the data by using
calculating the distance measurement between vectors of data
and use the criterion to combine between the two considered
vectors.

This research presents an experiment to find a way to
group dataset into appropriate and effective learning styles.
The experiment consists of the process of measuring the
similarity of data by calculating the distance of the data and
finding the criteria for grouping various data clusters and
evaluating the efficiency of the clustering methods. This
process is to make more information within the cluster as
consistent as possible and the information in each group to be
most distinct. Moreover, the method can discover the number
of groups suitable for the dataset. Therefore, the challenge for

XXX XXX XXXX-X/XX/SXX 00 ©20XX [EEE

these grouping methods is to consider efficient partitioning
techniques with the collected dataset.

The rest of paper is organized as follows. the next
section will introduce about the literature review. Section 3
presents the progresses of proposed methods for clustering
student learning styles, performance evaluating., Section 4
details on experimental results, and Section 5 gives the
conclusions and future work.

1I. RELATED WORK & LITERATURE REVIEWAS

Richard M. Felder and Barbara A. Soloman [1] propose
the concept of the learning style index (called Index Learning
Style, ILS) by observation the characteristics and methods that
cach student uses to learn, think, or solve problems. ILS
defines the preference of leaning styles of student in 4
dimensions (Processing, Input, Understanding, Perception)
which can be categorized into 8 styles (Active, Reflective,
Visual, Verbal, Sequential, Global, Sensing, Intuitive). These
8 styles are used as features for collecting learning style
dataset described in next section. Table 1 shows the detail of
4 preferences of leaning dimension and 8 related styles. The
learning style of the students will indicate their strengths and
possible trends of habits that may lead to obstacles in
education.

Hierarchical clustering is the cluster analysis method that
attempts to create the data group hierarchy. The strategy for
hierarchical grouping is generally divided into two types:
Agglomerative and Divisive [2].

The difference between the two methods is that the
agglomerative method is a bottom-up approach: each
observation (a data in dataset) starts in its own cluster, and
pairs of clusters are merged as one moves up the hierarchy.
The divisive method is a top-down approach: all observation
start in one cluster, and splits are performed recursively as one
moves down the hierarchy. It is necessary to measure the
differences between sets of observations. In most methods of
hierarchical clustering, this is achieved by using appropriate
indicators:Matrix of distance and Linkage criteria. [3]

Matrix of distance represents the distance between sets of
observations. Choosing the right metric will affect the shape
of the group, because some observations may be close to one
another in the distance and farther in the other [4].

Linkage criteria define the distance between sets of
observations (cluster to cluster) as a function of matrix
comparison of distances. In general, the linkage criteria tend
to apply to sets of observations A and B [5][6].

Abdelhakim Abdelhadi [7] proposed the concept of
classifying students in the classroom according to the needs of
the learning model by using the Learning style modeling, the
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Index Leaning Style (ILS) of the Felder-Silverman model.
The model finds the learning style that students like, and then
groups students into clusters according to the similarities of
learning styles using clustering technology concepts. Based on
clustering techniques, teachers can use appropriate teaching
styles to teach students.

TABLE L. DESCRIBES THE DEFINITION PREFERENCE OF LEARNING
STYLE BY THE FELDER-SILVERMAN MODEL.

Di ion 1 Di ion 2 Di ion 3 Di ion 4

(Processing) (Input) (Understanding) (Perception)

Active (learn Visual (prefer | Sequential Sensing

by trying visual (linear thinking (concrete

things out, representations | process, leam in thinker,

enjoy working | of material small in cemental | practical,

in groups) presented. steps) oriented

Reflective Such as Global (holistic toward facts

(learn by pictures & thinking process, | & procedures)

thinking flow charts) learn in large Intuitive

things Verbal (prefer | leaps) (abstract

through, written & thinker,

prefer spoken innovative &

working explanation) oriented

alone) toward
theories)

III. PROPOSED METHOD

A. Data Selection

48 students of computer science program participated in
the questionnaire to assess their score of preference of learning
styles. There are four-dimensional learning styles, in which
there are two opposite types with assessment points in each
area 1-10 points. The reported score from the questionnaire
indicates a preference of students for a specific category of
leaning skill. If the score for the dimension is 1-3, students
have both balanced skills in two types of that dimension and
slight satisfaction for one type. If the score for the dimension
is 4-6, students are moderately satisfied for one category of
that dimension. Students may learn more easily in a failed
environment. If the score for the dimension is 7-10, students
are very satisfied with that category in the dimension. Students
may have trouble learning in an environment that fails with
some satisfaction.

The scores of preference of each student's learning style
will be converted into an 8-¢lement vector as in Table 2, and
48 sample students will be converted into a 48x8 matrix called
the learning style dataset.

TABLE IL. SAMPLE EVALUATION RESULTS FROM STUDENT LEARNING
STYLES
N Processing Perception Input Untler';mndm
o Acti | Reflec | Sensi | Intuit Vis Ver | Sequen Glo
ve tive ng ive ual bal tial bal
1 9 0 0 9 0 9 0 8

B. Data Clustering

First, the research process begins with grouping of student
learning dataset using Agglomerative Hierarchical Clustering.
Dividing the groups according to k values from 2 to 10 and
adjusting the distance methods of data, such as Euclidean
Distance and Manhattan Distance Several linkage criteria
such as the single linkage, complete linkage, average linkage,
Ward linkage, Median linkage [5][6] are involved in the
experiment. Next, the proposed method will take the result

clusters of the Hierarchical clustering that varies these
essential parameters to find the efficiency of clustering. In
order to find performance of each method of data clustering,
the error sum of square (SSE) is applied to evaluate the
grouping efficiency that is most suitable for the dataset

C. Clustering Validity Method

This section presents the methods of checking the
efficiency of clustering by considering the error sum of
different types of clustering methods. In general,
Unsupervised Learning is necessary to use indicators to
assess whether the group divided into the dataset is
appropriate or not, using the sum of the errors as in Equation
1

SSE(@)= 2%, By ee oI’ M

When x; = values of j
When y; = average of i

The research considers SSE values by graphing the
relationship between SSE values and number of cluster K and
finding the local change of slope of the SSE significantly, also
known as the knee position. This position will be able to
identify the number of groups suitable for the student dataset
Tippaya, etal. [8].

The proposed method selects the suitable & clusters that &
clusters has low the SSE change rate calculated by Equation
2.

(SSE of K,_;— SSE of K;)<100 9
SSEof K, @

%Change =

Wheni<2
SSE of K;.;=SSE value of K.,
SSE of K; ;=SSE value of K;

D. Selection an Appropriate Number of Cluster

The research varies the distance function and linkage
criteria. This section proposed the algorithm for choosing the
number of clusters that are appropriate for the dataset. The
algorithm selects the best clustering result based on the Error
Sum of Squares (SSE) and change rate of error sum of square
(% Change) in each clustering.

* Step | From varying k value the number of clusters from
2 to N, consider the best linkage criteria which average of
the Error Sum of Squares (SSE) is the smallest value.

« Step 2 Define the cutoff threshold of SSE % Change, T,
* Step 3 At the best linkage criteria, determine the SSE %
Change of each &£ number of clusters and select the best &
value from the consideration of the first & value that has
passed both conditions: the SSE value is less than the
average SSE and the change value is less than the
threshold, 7.

Then, the method get k value which is the number of
clusters suitable for the segmentation of the dataset.
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IV. EXPERIMENT

The learning style dataset has been collected and analyzed
for Agglomerative Hierarchical clustering data by adjusting k
from 2 to 10 with two distance functions and varying linkage
criteria. Next, the resulted clusters are evaluated the Error Sum
of Squares (SSE). Whole SSE values are adopted to construct
a comparison table to examine the change rate of error sum of
square (% Change). Next, the average of the Error Sum of
Squares (SSE) in each clustering parameters will be
considered to the appropriate clustering parameters, such as
the number of clusters (k), distance function, and linkage
criteria will be determined.

In the clustering, different linkage criteria yield different
resulted clusters with different SSE values. Tables 3 and 4
show that SSE values and change rate of each the varied k and
the average of SSE with Euclidean Distance and varying
Linkage criteria. Fig. 1 demonstrates the graph of SSE values
of the clustering with Euclidean distance and varying Linkage
criteria. The graph shows the relationship between the number
of clusters (k) and their SSE values. The defined cutoff
threshold of SSE % Change, T is 30%. Based on the proposed
method for selecting an appropriate number of clusters, the
best choice parameters are 7 clusters and Ward's linkage
criteria. The total change rate of error sum of square (%
Change) is 26.1653% in cluster k=7, which is the
segmentation method that best suits the dataset.

Likewise, Figure 2 demonstrates the graph of SSE values
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K=7 569.46 26.17 1675.11 15.03

K=8 482.76 17.96 885.63 89.14

K=9 386.89 2478 859.13 3.08

K=10 313.69 2334 785.93 931
Average

SSE 1049.27 1890.77

Fig. 1. The relationship between Error Sum of Square and the
Cluster (k) of the Hierarchical Clustering with the Euclidean

distance

TABLE V.

EXPLAIN THE CHANGE RATE OF THE ERROR SUM OF

SQUARE SSE WITH THE HIERARCHICAL CLUSTERING BY ADJUSTING THE
NUMBER OF THE CLUSTER FROM 2 TO 10 AND EUCLIDEAN DISTANCE

METHOD AND VARIOUS LINKAGE CRITERIA

of the clustering with Manhattan distance and varying Linkage Manhattan Distance
L . Number of -
criteria. Therefore, this research chooses 7 clusters and Ward's Clustor. Average Complete Single
linkage criteria and Euclidean distance because of the smallest SSE | %Change | SSE | %Change | SSE | %Change
average of SSE values and SSE % Change more than 30 %. K=2 2628.99 - 2899.62 - 3055.61 -
K=3 2286.97 1496 | 203261 4266 2024.74 447
TABLE III. EXPLAIN THE CHANGE RATE OF THE ERROR SUM OF K=4 2137.97 697 1657.92 22.60 277118 5.54
SQUARE SSE WITH THE HIERARCHICAL CLUSTERING BY ADJUSTING THE .
= 2
NUMBER OF THE CLUSTER FROM 2 TO 10 AND EUCLIDEAN DISTANCE K= 172289 | 2409 1489.67 1.9 1819.25 3233
METHOD AND VARIOUS LINKAGE CRITERIA K=6 1094.46 57.42 1139.37 30.74 1666.31 9.18
K=7 998.57 9.60 614.38 85.45 1288.51 29.32
Euclidean Distance
Number of K=8 473.58 110.85 | 492.63 24.71 1193.87 7.93
e Average Complete Single
uster K=9 397.92 19.02 423.83 1623 632.31 88.81
SSE | %Change | SSE | %Change | SSE | %Change
K-10 3472 2254 34817 2173 37142 70.24
K=2 262899 2548.23 3055.61
Average SSE 1340.67 - 1233.13 - 1747.02 -
K=3 2286.97 14.96 2181.25 16.82 2901.9 5.30
K4 187189 | 2217 155280 | 4047 | 277LI8 472
K=5 1722.89 8.65 1243.45 24.88 1819.25 5236
K=6 109445 | 5742 1094.45 1361 1248.17 1575 TABLE V. EXPLAIN THE CHANGE RATE OF THE ERROR SUM OF
SQUARE SSE WITH THE HIERARCHICAL CLUSTERING BY ADJUSTING THE
LSl o857 | 960 56046 | 9219 ] 110629 | 1282 NUMBER OF THE CLUSTER FROM 2 TO 10 AND MANHATTAN DISTANCE
K=8 473.58 110.86 473.58 20.24 728.50 51.86 METHOD AND VARIOUS LINKAGE CRITERIA
K=9 397.92 19.02 386.80 2241 63231 1521
Manhattan Distance
K=10 32472 2254 31122 2431 559.11 13.09
Number of Ward Median
Average SSE | 131111 1151.26 - 1646.93 - uster
SSE %Change SSE %Change
K=2 2508.85 - 3055.61 -
K=3 1974.47 27.06 2053.53 48.8
TABLE IV. EXPLAIN THE CHANGE RATE OF THE ERROR SUM OF ~
SQUARE SSE WITH THE HIERARCHICAL CLUSTERING BY ADJUSTING THE K=4 1449.48 36.22 1445.82 42.03
NUMBER OF THE CLUSTER FROM 2 TO 10 AND EUCLIDEAN DISTANCE K=5 1103.47 3136 1331.01 8.63
METHOD AND VARIOUS LINKAGE CRITERIA 6 P 08 90020 Bxn
Euclidean Distance K=7 588.22 2533 87037 11.02
Number
of Ward Median K=3 50274 17 624.88 39.29
Cluster SSE siChange SSE %Change K=9 407.16 23.48 467.28 33.73
K=2 2508.85 3055.61 - K=10 31491 29.29 37142 25.81
K=3 1983.86 26.46 2924.74 447 Average SSE 1065.17 - 1242.91 -
K=4 1394.80 4223 277118 5.54
K=5 1084.71 28.59 2132.75 29.93
K6 718.46 50.98 1926.84 10.69




Squared Errors

Sum of

Fig. 2. The relationship between Error Sum of Square and the
Cluster (k) of the Hierarchical Clustering with the Manhattan
distance.

Firstly, after selecting the most suitable parameters and
groups (k) of students dataset. Explanation of learning styles
within a group (k) using Cluster Centroid, which is the mean
of variables for observation, to explain the learning styles of
each group. Table 7 shows the Cluster Centroid of all 7
groups of clusters and the 8 features of learning styles, which
are used to describe the characteristics of each group's
learning styles.

Secondly, consider the inside of the cluster with features
of learning style using the Cluster Centroid as a leaning
descriptor of the learning pattern within the cluster.

Finally, Considering all 8 features of learning styles with
all 7 clusters to discover clusters that have distinctive
characteristics in each type of learning and select cluster with
a high Centroid Cluster is indicative cluster is similar to the
type of learning style

TABLE VIIL COMPARES CLUSTER CENTROID OF THE CLUSTER WITH

TYPE OF LEARNING STYLE

Variable flus(er Cluster Cluster Cluster Cluster Cluster Cluster
Active 8.0 732 525 55 6.5 0 20
:‘e"“'i" 00 0 175 00 0.88 6.25 34
Sensing 00 6.95 8.00 5.5 0 7.38 0.0
Intuitive 85 0 0.00 0.0 7 o 76
Visual 0.0 7.89 875 0.0 7.75 7.63 7.0
Verbal 85 0 0.00 5.5 0 o 0.0
Seauenti |9 71 0.00 25 725 775 0.0
Global 75 0 7.5 25 0 o 62

V. CONCLUSION

This paper presents the method for creating a dataset of
learning styles for students based on considering the 4
dimensions of student preference of learning styles (separated
into 8 features). This dataset is input to the process of
clustering students in the class according to their learning
styles. The result is clusters of students with different learning
styles of students. The paper presents the experiment for
finding parameters related to a cluster that enables the
clustering of data to be appropriate with the learning dataset.
In addition, the research evaluates and compares the efficiency
of clustering methods that are appropriate to the dataset.

The results of this research will develop a decision support
system that the teacher knows about student learning styles
and group learning styles in the classroom. for the
development of classroom learning styles and better student
achievement
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