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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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2.2 Msviuviiastaya (Data Mining Techniques)
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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 nszuIunsmatianisinmilesteya

Supervised Leaming unsieuiainteyaiifinsmevaussdenadns (Output) 7
Aoanslakiuiazieg19eslaya laeliteya Input waz Output ﬁLﬁuﬁayjaaau (Training
Data) Wileas1aluna (Model) fansnsaldvirunenadnsanndoua input Tnsi 9 AliAediusn
rouls TnesnianlflusnuiiFeuinsduun waznsaanisaiognatu mssuundaves
sanilungu wson1sAIAnIsalsIAvesiy 138 uBwaRdITnunIndududaudunioly

Wuduy

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

Lildsunisapumedeyanirnounsonaas lnen1siseuiiavlddeyanliinisines

Y

mnangvselidfinnsneunduilunadng (Unlabeled Data) iemainuduiusviolaseaing
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Clustering filonszurunsiitdiieuwdsdoyandanunainvargeasndungunie
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navnidnuuraaeiu lngaglideyaiBedinune (feature) iaamauUfn1e valoya

a v o A Y ! % Aa 1 2 U a Y] v |
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szytevsatheiiiu (Unsupervised Learning) wazaunsainlulglunisaumanuduiusiu

)

a A

Uoya (Data Mining) nselunsiinsgvideyatiiomdeyanidnvaeadeiuiieasaiavse

Y

Wnszvideyanoly egndlsinnu nswdngudeyalilasunisimunduyaies widesende

Y

N13138U3IINNITIANGURUUAIBE1 (example-based learning) laglduuiAnvesmannIsA
dames (clustering principles) LiloAUMIAMUAGI8ATITENIIToYaNFABIN1TIANG Ui T
Bn1sinnquuuuilazyieliaiuiseadndeyandudoussnuniuaiszddy wazyie
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Ussananadeyalaegaliussdngnm
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K-means 1WWI5N13uuUengu (clustering) ¥93v03atuyu unsupervised learning Gl
T8N15M1gAAUENand (centroids) vesnguuaitdeyanmunudnngulagldseuenisvodus
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azqafugaAudnasveInguiionnuadtazdnbmlungulvu 38n1stmuizdmiunis

9 9

]
aa v

wungutayandanvuzilunnay wienguifivuiawanaeduls lnanisidenduaungui
AoiN1sazkUegNlduARIvUA kazn1swUInguLuazyiglUises o auningnaudnans

awliiRsunuas vseinswdsuuwdadluseiuisnninfgldnuimunli

Hierarchical Clustering {w3sn1suvsngudeyalunisvia Clustering Inefideyaazgn

1 < 1 1 2 = % ¥ Q‘ﬂ‘&} al 1%
wiseanidunguges q muauaaeadiuvesdoya lagdslaziin1sasna Dendrogram
(Diagram wuusuly)) Fanansdanuduiusvestayalusluvuvesiulsl denini 2 lay
Dendrogram azuanideyaunazdududmuuieatusull waznisuiainguazsudiugin
Aa v = o q' Y I a 1 4' ] v o oA
yanfianuad1eafsiuuIniign wazasianguitngauluies 9 aundivsladiuiungud
Aoansuselianunsauvinguladnsdely lnedsn1sminguiiunzauazly Linkage Method
Fulwisnsmanuduiusvestoyalunisadta Dendrogram lnedl Linkage Method 5 wuy
laun Single Linkage, Complete Linkage, Average Linkage, Ward Linkage W& g Median

Linkage



Hierarchical Agglomerative Clustering

c B C

v
v

ANA 2 TuRBUNTWUINGUWUY Hierarchical Agglomerative Clustering

2.3 Yupaunsvinmliesdaya (Data Mining)
° v O ° a 9] R I a v
dmsutunaunisviumvilestaya (Data Mining) {WuNTEUIUNITNAUMIFULUY Uag
L v 6 v = o IS 14 d' a v Q’l’ v
Anuduiusaeluyadeya delunseuiumsimilesdeyawuuildluanddedlduuy CRISP-

DM (Cross-Industry Standard Process For Data Mining) ﬂﬁzuauﬂ’lﬁmmg’mm%}ﬁﬂw%ﬁ
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nsviumilesteya ievin1siined wazilUldussleviniegsia Jeildnwuzves
nszUIuN1s Manndl 3 TneUsznaudedunsuseluil

- Business Understanding (itadeyminiessia): 3andymniegsia wazimug
Inquszasdvelasens ielvimainvilesdeyaaunsoudlaymildenaiiuszansam

- Data Understanding (ladiaya): Anwinazidnladoyadifuiugiudmiunis
willesdeya 1w nsiusiusiudeya Aunwvesteya uazauauysaivestoya

- Data Preparation (n3esdeya): mawiesdeyaiiielramsaiuiinsgild 39019
Usgnausensvhauazeindeya nsulassuiuuvesteya nsauteyadiliiieades iy
A

- Modeling (n3asluna): [waia uasdanesfiusen Weadslunaiivangauiu
foua 1wy MAeTgindnmsanuduiug mslesgitadefidmarienadns nisaiislua
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- Evaluation (M3Usziliuna): n1sUsziliunavedlunanasnedu laglidayanismagey
Wenadeulumaniaausannlatdymlaegiivsyansammiolil
- Deployment (Msilunaluldam): nsthlumaiasis@uiunzauiign Wldeu

MU IDAATIZY wazuA Ty ifesnis

\, Data

Understanding

» Data
Preparation
Modeling

~ Business
‘Understanding

AW 3 nsvuuNsmileatayaluu CRISP-DM

2.4 Yszianvasdayanaunsayin Data Mining

Data Mining anansavirivussiandeyaseluila:

a @

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

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

a

- Ordinal Data: Yeyaimunnnuduiusvemuinny W seaun1sfine, 81y, seeu
= ) v
AUfanela Wuau
- Text Data: Yayafidudoriu wu unay, depnunleduaiiie (Jusiu
v A g 1 1 1 ¢ & £
- Image Data: UayavidunIn 1y §Uae, nMma1en1asien ldunu
- Time-Series Data: Tayaiudduresdoyaniuian wu 51A19u, aamginiy
1 [~ g
9987 LUUAY
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[y Y

- Spatial Data: Yeyafiienduiiinigu fidafisewessiudn, fide GPS [Wudu
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2.5 dnwasiawizvasdayailldviumilasdoya

- fUsmaann: deyailiviuvilesteyainasiviinamn dsenafusuuuumnmie
Inlddoyadu 9 wu nmarevelndides

- anawannviane: Teyailiviunilesteyainaziinnamannvansluudsing q 1wu A
g9 i 91y iwe d01udl vide e

- fanaliluduou: deyadldviniesteyaindanuliuiueu Wesndeyatiusinan
Nnuvaasing q Aldamsaniuauld 1wy dogaanludeaiiie doyaniseodsasy
soulatl Wudu

- fmnududeu: Teyailtvinvilostoyainiimmdudeu esaniideyaareguuuy
uazdeyaiiifertestudoutu wu deyangudeyassuumsinnsadsdud Joya

INTEUUNNTIANITLTNU Lazdu 9

2.6 WuIAATUNSHAILIAIUNTANEN

szvvatiuayunisaeulagld Index of Learning Style (LS) iui3osiloTndnuas
msi3eudvesinGeu wazindnuiilafuaudeunnlunmsAnuiumsativayunisaou
wazgnsiFeusluanndunisinu leefidmneiiedeliaufiaulanisaeu uaznsiious
aunsaszydnwaznsSeuivesautedld Tnsuszneusemanuiieeniuuaiitedaruatin
Tunsidoud waeilewasedunismeudniuaglésunadnsinddnwazns doudeglungulyu
TngUsznaudesaianuduiusioun 4 a3y lawn n153U3 (Sensing) waghin
(Intuitive) N15AA (Visual) kazfin (Verbal) n13t38u3 (Sequential) waw (Global) waznas
Andula (Active) waz (Reflective)

fafumisldssuuativayunisaeuansaraeliennsd uasdaouannsonadey
wazdfudgsnmsaeuldlimngausiudnuazmaioudvesindeunietndnylududou ne
annsnuuzinguivinzanvesiniieuuiasauluiuiieu neflideadenalunmsdung

AnwuzYaIunsouluTUS sy warA YU RNRLTUNITNAEOU WATASIVABUSNYULNT

a k4 v a
bIYUIVDIUNLTYU

2.7 Mmynszingudayadiemeaiia Clustering
Clustering tUutmafinlun199 Data Science MFona1 “Unsupervised Learning”

Fadunismdeyaiddnanteya Inedeyatuarlifinisssyusuinndoya nisuuwiing
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WllaUNU” Wneiy

Unsupervised leaming iudanesiiunmsiseudvesasasussinvmilaiilumalazunis
Aneusuluyadeyalagliifiiordnavsenismivguanidrediiu iWmunevesnisiseushuy

¥ Y

Lififaeupanisiumsuuy anuduius viselassasingluteya wunagldteyaniide
mAuiieriinisanazi wadaniluvesnisSeuiuuuliigaou lauwa n1sdnngu n1san
YA Uagn15nTIaTuauRaUng Tumatiameaiil dauuuagnereuteuslasiasiesiugiy

vouoyalagliideyala q uineufeliuaaInusenaIany azduediugideiaziniy

HATGNS WarITEUFUMUUNEANNMINY

Observations #1538 “Data Points” winefadeyaisiusiurunsdann duiin uaz
fadnwauzsneg 18esEUU n3ruILNs ieusngnisal deyatoradudeyaianmamvie
WaUTuna warannsatuiindiedsn1seneg Wi nisdaunalagnse 1361513 vsen1snaaes
msdanadarmddylumsidouasnisiinsgideyaiosnnfuiugudmiunismeaey
amuﬁgmuazﬁﬂmsaqﬂLﬁaaﬁUﬂaﬂmﬁmﬁuéLLangquﬁjugmiwﬁagaﬁﬁé’ﬂwmzmﬁauﬁ’u
#io Data Points fleglndfiu #935lunmsmindeamn “szezm1e” vide Distances 311914 Data
Points Iag Data Points 7ilszezlndfufife Data Points Mldnuwuziviloudu n1sdangy
(nunefils au dnd Awes ude 83dng “am) wieilunisdndauys senilunduees q daud 2
nautuly nquileglunguieafuasdidnuasfimiiousu wioadefu drunduilegianguiy
wildnuniAunnseiu

- shuvsfleglunguifeniu exlimnuduiusiunnnifiudsiogaisnguiu

- fuusieginnguiu slinnuduiusiudesvieluinnuduiusiues

2.8 N139AT28$N19 (Distance Measure)

Distance Measure \Jun15inszegnig (Distance) wmwamﬁgmiuﬁuﬁﬁﬁa%}auﬁa
lnedinldlunsiesizideya wagn1sdangy (Clustering) Wemauedieads (Similarity)
N38AIUUANFNS (Dissimilarity) ¥e4taya lagdl Distance Measure Ma18ULUU 14U

Euclidean Distance, Manhattan Distance “1a*1 usihuuilagidentddusgivanuaevetaya

nwazingUizasAveaIn1sinsnz lng Euclidean Distance un1sinszagvinalagldszazaos
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fildR X way Y veunasyn Tuvae?l Manhattan Distance azilunisinssuzvinalagld

JEHLNIUUIA LL@SLLU’JU@U%@QLL@@%Q@

2.8.1 MTINTLYLNILUY Euclidean Distance
Euclidean Distance tJui8n1sAuimuszerineseningaaadgalussuuiiinasads
3089311 Inefiszeering Euclidean Distance 289N TAI1NANNEIVDAHUA I DU

Aaa o

S¥ninagadesnludmiugnIn1sALIM Euclidean Distance dwiiuandiiine (x1, y1) uay

[
[

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

We x1 uag yl Aduriivedgaunsnlussuuiiinuuine uasuiueu

x2 Way y2 fadunisuegniiaadlussuuiiinuuin uazuuiuey

(X2,Y2)

(Y2-Y1)

(X1,Y1) (X2-X1)

AN 4 N5IATEEZNIUU Euclidean Distance

ASUATNNIANUIUSLEENILUU Euclidean Distance duiiazltlamiiainssezuing

Jeninegeaednluuaslia nsngegdadisssugrinsiaanisinisiluldlunisviune

aa

e sianaudeya nidinveyaifigeninass Euclidean Distance 13liimunzauLiiosqin

o [ (% s

AMUFULDUVDINITAININ WATIUIUANUFUNUSTENT RN TNgW eI IiNaN1Tin
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syazrisliuiug nsalilaasly Distance Measure DU 9 191 Manhattan Distance @Ay

wiagauUndn Euclidean Distance Tumsinszegrinavastoya

2.8.2 MINTLYLN VY Manhattan Distance
Manhattan Distance iflun1s¥assazsinsszainaesyaluiuiiniodoyn lneisnis
AR ITVIHATINYEINI AT THIZUUIR LazkLILUTEsaDIgn tnevhluasldly
msfwnaszeznsludeyaiiiumsaiemnindfiinudsuinnimiein 1wy msdangy
Y93ndALADSMIBAUIATEIEV19YDIFUNIM B9 Manhattan Distance azfindnuusiugiile

[y [

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

We  x1 uag yl Asuniuedgnansnlussuuiiiniuine uazuiiueu

X2 kT y2 ADALMUIYIRnandlussuURinLWIAY Lavikuiuey

(X2,Y2)

Manhattan

(X1,Y1) Manhattan

AN 5 NMFIASEEZNILUU Manhattan Distance

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

1 ¥

Linkage Methods \Ju3snilalunisdmngudeya (Clustering) @eldiiloA11uIuAN

9 Y

szeriesEnInedawes lngasiimszezisisunalaulunasiiunsdendadamasn

arsunumely rae3slun1sAIuInsrerrnesEnINenaamesty Linkage Methods L4y
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Single Linkage, Complete Linkage, Average Linkage, Ward’s Method 1Jufu Ineusayds
AEIIBNIAUIUAITTELNITENINAGALRDIANUEDN U N15LEaNTD Linkage izl
Hrglinsdanquieyaveasiaiuwiug uaziianumngdanisinsginneinisliveya

Tugsia Inenmans visedus sgeilusednsamunngadu

2.9.1 NANNAIMIUNITTIUNGUUUU Single Linkage Method
Single Linkage Hunily Linkage Methods 1u Hierarchical Clustering Fadu
nIzUINNITHUINgutayalaenislianuaaiendavesdoya 35013 Single Linkage agldan
szoznafivesiigaszvinanndnlunguiuandrsfudunasilunisivgani@n aiunsa
thlullusmiAdesunisdanaugni vidsensdanguiusity wagdug Snmansauseiu Tne

Y
[y

Single Linkage Method {Wisnsiungu 2 nquidseiulaefiansanainssezianduian

dmj = min (dkj, d[J)
dan1vun  A85U"Y
Ay FLYLMITEMINAGU 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 NITIUNGUUUY Single Linkage Method
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2.9.2 vannaueitunMsTINnguwuy Complete Linkage Method
Complete Linkage 1913501511 Hierarchical Clustering Inglda1aa1uaata iy
49an (Furthest Neighbor) seninendawnesiagsiniu lngldsseenisilnangasening

au¥naeanguidurmeanupdeiuvesedanes ludureunsnynadameszgniinnsaniniu

Y

sala

NAUALEY INUL ALYINITMIAIANLAREAUYDIYNATBIARAADTLAITINATALADSNTAIY
pdnefugamandmeiuduadanasivi uazvindraunitaglidnuiuadamesauiiinun

wioduluauninezluinisdeuselddnselu Tne Complete Linkage Method 3319

FNGU 2 NAULIIETULALRINTANNNTTEENNLINEN

dmj = MaX (dkj’ du)

fauds A195U"Y

Ay JLULMTENINNGY M UAE ]

m AdARDITNELTUsTNaUReAdanes k uay L1ned m = (ki)
dy FPYLMITENINNGY K U ]

dy JLUEMITENINNGY L UAY j

Complete Linkage

Cluster 1 Cluster 2

awil 7 N553UNGULUY Complete Linkage Method

2.9.3 NANNAINIUNITTINNFULUU Average Linkage Method
Average Linkage +Ju33uelu Linkage Methods l4lun1swia 152829

FENINARAMOTAINSU Hierarchical Clustering Ta8ANUIMANAAYUDIATLYTUIITENI
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fogaanadanosimun Fdavaieadamesfiinisnszaisvostoyaiitesninds single
Linkage ustenaazsilmAnaunaiaadeylunsuinguldiety slfgewhnisinsed
wadwsifieldonisimnzanfudoyaildlunsiingeyt wazdududonisudledgmilunns
Baszideyaluniends nsAauinessagisaslandnnisifeanulu Single Linkage ety
98038 Linkage Method tuasiusgfunisesniuy waringuszasdvosnisiinsisvius

azA53ie lng Average linkage method {WudsTmssazessnivassnaulaeaaieves

S28¥N4 (average distance) s¥ninamsdunanauividsiunisdunanauau

A = w
m
fiauus A195UNY
Oy TTYTUNTEWINNGU M U |
m AdamEsTInaTUTUsEnauUdendawes k uaz LInef m = (k)
dy FEYTMITENINNGY Kk 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) TunsiATgvivaya R
l3EnsAuINAINAaIeAfasrrnIngulaeldisn1sTnssoenneseninega (distance
measure) iovinlianunsadnnguldnmaruadioadeszninedoyaiimuali lngagld
Bsdnuamuadeadssgninngulaginmamnaiedsreseaunnsisvesganelungs
(within-cluster variance) 9ntuiiAnadeiilduninssezieseninngy Tasazdonnguid
A1 within-cluster variance tiosfigadunguililumsrungusiely aunsensldnguifen
Wity

Ward linkage Method 1{uAsmsdnnguiiinmusiugigs wazimnzaudmiudoya

ffinsnsyaeiiliadiate wazlvuinvesnguinlaiviniu

(Nj + Nk}dkj + I:Nj + Nl]dﬁ - dekl

Ay = N; + N,

fauds A195U"Y

Oy JLYLMITENINNGY M Uag j

m AdADITNELTUsTneUAdanes k way L1aed m = (ki)
dy JLUEMITEMINNGY K U ]

dy FEYENNTEMINNGY | 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 NMF9IMNGULUU Ward Linkage Method

2.9.5 MANNAINIUNITINNGUWUY Median Linkage Method

[

Median Linkage Method tJu3s95aungu 2 ngudaieiu lngliusazngudifey

o

Wi (IWdandnwindu) Median Linkage Method azld@isagiuluninansvssya

AUdNa1Y (Centroid) 13888119 s¥nI19AsEg Ve Clustering zldr1dsegiuduen

NA19Y9IIAAUENA1N (Centroid) 1528¥919 SENINNAIISETINYRINGY AladneTIuNgUATY

Y

RRGRER!
g Yt d dy

mj 2 4
AauUs ANasUY
A JLULMTENINNGY M UAE ]

Y ¢ = v v s ‘:l' .

m ABALWBSNNAUTIUTENOUMERAAMDS k kay L taeh m = (k,)
dy FLULUNTENINNGY K LAY |
dy FLYLNNTENINNGY L LAY j

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

n1siruaIuIuAddmesNmusaunandmiuyadeyailudunsudifyly

NT¥UIUNITIANGUTRYR FUIUARANBTTIIzauNgafonquinansislaseassuay
v =

Anuduiuslutoyalafgn dvangdslunisivuadnuiuadameasivangay loun

9

1) Elbow method 10u35n15Useifiuguiundameastunisvii clustering aaeld

Within-Cluster-Sum-of-Squares (WCSS) 1usirinusyansain lnamar WCSS vosndaines

IS =

w99 k 91U wazndennsin WCSS vad k Wuunu y uag k 1uunu x wdusnagnuinganil

q

=~ al'

WCSS Sufuiaay wagazdynil WCSS nsenn (elbow) wagnasaintiy WCSS iinduagis

9

S ulann 12U k Auans elbow TULTUIWIUAR ARSI AWML AL FaFE190 N7 10

Optimal number of clusters

Elbow method
200 A x

150 1 \
100 A ‘\

Total Within Sum of Square

\'\0—0\'
1234567 89 10
Number of clusters k

S

AN 10 NMSMITIUNGUTMANEENRIE Elbow Method

2) Sithouette: FHlAgITRITUNTAIMINANUASIBATITUTENINIATOYALARZYA
LAYARALABSVRIAILEY MADATUAIINARIARITUTENINIATDLALAALIN LasARALNBST
IndiAeefige IuiuadanesivizauariMualagn1saenIUIUATAIN D TNAZIULLN

bREGRGT
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3) Gap Statistic: IdHiNeITRITUNTIUSBUTBURATINAasdRIn18TuARaLRB ST

Funalanunasiunid@esnelundamasnainlin1elan1swankad91989A1I19 hazLaen
IUIUATANDINTYRITNNINTIAR

v Aa

dmsuisnsanzdmiunsiuednuesanosNmINsauNgne1auanaeiuly

4

v v v A v a

wegiudnwurveateya uazidvunevensiney dddgAenesiansannisianiuiey

2,

o

FEPINNTIAUNDR waztestiuly AasnauANEaIN1TalUNISAAINUYDINAANS

2.11 Sum of Squared Errors (SSE)
NASINYDIVORANAIANIAIEDY (SSE) ABN1TiAANNLANA1IIENINAAdLnals Lay
Arnmansallugadeya Wuwnsnnisuseduildiunaluludanesiiunsianguieya uay
a ¥ z.ﬂ' 1 QI % a = % 1 1
nsiseuiveaed lnsannzegwgdudana3fiunisinngs Wi K-Means

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

e

ayauraryatuUVseEaTinaan Inefiwunsessilugaaudnaletaaames muney
ADN19an Sum of Squared Errors (SSE) e lAillAs9a319AAAIADSNLUUTY LAZNITLANS
Aanuduiusaeluteyalausiuggu Ingaiunsald Sum of Squared Errors (SSE) Liie

AvundIuIuRdamesImuIzaufianlalnenisnasna SSE Wsuiudwiuadawmes uas

'
P

@oninnurdaweInn1sildsulladlu Sum of Squared Errors (SSE) 3uanszsiuas (139

€

—

3unin "ganAen’) A1 Sum of Squared Errors (SSE) Ainndnusdinlumainfudoyals
fni1 199910 Sum of Squared Errors (SSE) SaA1adudsaiuuvesyadoyasin
AugNaAdaLRe3

dm3u Sum of Squared Errors (SSE) iuifisamislunans q wednfianunsaldiiie
Uszifludszansnmvessaneifiunisdnngy uazaisldsauduiunindug 1wy azuuy

Silhouette n3adwil Calinski-Harabasz tieSumsUsziiuinsouAqUETUVDINAANT

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

$msnnsUBsunUaued Sum of Squared Errors (SSE) flananuuansnsduinglue
SSE szwinsaestuneuvedaneifiunseluea suanaluedduivasdn Sum of Squared

Errors (SSE) 3udiu TuuSunvesnisiangudeya wazdanesiiy wesidudnisdsuuwdasly



21

SSE awgnlfiflevszifiunisusuudlulassadadamosifloduiuedaneifiuiu tiogsng
naiUABuuUATes SSE Redu uax SSE drdudaluludanesfuvieliea
dwdudamaasuuUasmes SSE agldiledsziiuinnsuiulasiainuenda
wosiiloifindurundamesazilien SSE anauvitlng Fadudeyaiililunsmduiunda
nosmnzandnivyadeyaiimdsazdangy nisiisuiisusasnisiasundases SSE
whelisaussansnnvesdaneifiuvdoluealdftety wednduladenlisaneifiuvie

lnananandmiuanunMsiangudeyaiu <

q

2.13 gUuwuuMsi3eu3 Index of Learning Styles (ILS)

Felder-Silverman Learning Style Model M%@ﬁi%’ﬂiu%a Index of Learning Styles
(ILS) iulnaidauszaniinGousenidudsuuuunsBousfiunnseiu: Ussamduda nng
ndsd nm uazdn wuusiaesiifugiuinnunAsiiiyaeaiauveuiiuandafuly
53U wazUszananadeya dsannsalfiitedaslifasudilosuuvunsSouifivniSeuiy
youldAty uarusuTBnsaeuliivngfugauds uazanureutesarAUlFRB T UL
sULuUNISISEuS Faps9fi 1 LLangmwﬁ 11
Uizmmaa'gﬂuwﬁy’qﬁﬁa (Dimension) Usgnaulumie

1. Sensing - Intuitive {WusfAmuagUuuun1ssuinsesudeya

2. Visual - Verbal 1usiaimunvessunuunisinauedeya

3. Active - Reflective ushinunguuuunisuszananatoyq

4. Sequential - Global tUusfimuaslwuun1sdnseideu wazn1svitaudila

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

UszlanvesRisey Meduny

. a 4aa Y a 4 Y o ¥ & a ]
Sensing gouauAnugusssu 1laese tReidesiutaianss wasduneou
Intuitive YOUNTANLTILWTIAY @35719855A LNEITINUNGUE wazAUMIE
Visual YOUNISUENININ JUAN tnozunsy uasisanu
Verbal gounsesueiiluatednvaldnys uwazn1sym
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Active YOUNARDIINEIRN o iusuiugdudungy
Reflective Youdneylsluisesiles inuauie vieiudvinuag
Sequential younsAnLgaLE dsuileu Seudiaziesy
Global YOUNTARLUUBIATIN UNARLDITEUY Seusiuuininselan
Felder and Silverman Learning style modet
Dimension 1 Dimension 2 Dimension 3 Dimension 4
(Processing) (Input) (understanding) (Perception)
Active | Reflective Visual |  Verbal Sequential | Global Sensory | Intuitive

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

« Reflective (learn by

thinking things through, ||e

prefer working 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 (holistic thinking
process, learn in large
leaps)

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

Intuitive (abstract thinker,
innovative& criented
toward theories).

2 A 11 5ﬂwm3§ULLU‘UﬂﬁL§8u§ Felder-Silverman Learning Preferences

2.14 2550UN5TUNNYIVDINUUIAY

A Novel Algorithm for Course Learning Object Recommendation Based on
Student Learning Styles (Nafea WayAug, 2019) lAnw19anosAud msun1suug
nangminisiieuinuguuuunisiSeudvesinieu eudtamlunsdumunasSoun
manzaufusyuuBIasulls lelimssiusuuuunsBeus svuvuugihdelauediuyana uaz
deneningUszasinsiieuiimuizaniuanuvouvesiniSou uasinnsuimaasuile
prvdeuiadinanuadendatuiiniian furlilussuuiuusnidmiunisdeus Bnsas
JuagiugunuunsSeudalng Felder uay Siverman dslfifte fufunugunuunisdeous
voatineu Laginguszasinisiseus lagld Skeleton Recommender Algorithm @enuuy
wvEndiadnefu Ao Simi wag Sim2 ntunaaemuavEniifinunilouaisiiandmiy
Sim1 wag Sim2 Annguasmieusuiiluildlussuuiuzih anduld k-mean tieaths
K nauveen1siuinuinguszasdimsSeuiveusazlusing findrendaumvinsimi Tngld

[y

A v ! = vl v al a o v o & . v oA
LW@ﬂu‘lﬁqﬂﬁjﬂﬂqiﬁﬂugwﬁlﬂaﬂq@ﬂ‘Ui‘ULL'U‘Uﬂ"IiLiEJUET@QUﬂLﬁﬂu‘ﬂqﬂuu SIY’T\Z%%QﬂISULW@

Y

Y

MvuadngUszasArainsiseuiouduiug lunquuugadidnuaraaieiugduuunisissuives

UniseunnsEReIeiufan wagAzkuunwIgveesingUssasdnsiseuidmsulincey
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zgnAalagld Sim2 wuirdane3iiuvihanlaanandmiu Siml @e cosine UagSim2 Ae

Pearson correlation coefficient

Detection of learning styles in the focus group (Svarcova wagJelinkova, 2016)
lafinwIn1snsiadusvuuunisiteuivesinAnwinyninends eAun1inguiuunMsseus

Ao a v A v o ¥ Y g
wuulandn@nwuniinerdeturey lnsenizlugadagiundulimewmalulagniuade
UATElEN5UsEIUTUTINNURINANTITLAINUUUABUININATE I LS (Fdsuuuunis
= W, . a v & ' ! = i
1S8u3) e Felder uag Silverman suuumMsiseuitulaiduegluan1mmaginmueusiay

v U = oA A =t = o Y
yana faludslidieiasivauwlas Jamngaunazdsunszuiunisasulidnugluuunis
ISEU3VDUAAUAAA IR TINUIULUUNSSEUSIALIRINNZRARBINTIUAINITITUMIUNTIREUS
vorinAnwusazaunau nsruIuNsasuarae Ul uANsma e lvnan1siTews

a a a Qll
NUsgansnmUINTIER

E-Learning personalization based on hybrid recommendation strategy and
learning style identification (Klasnja-Milicevic wagmug, 2011) ladn¥1n1580nULUY
Usvaunisalnisfinuiluszuudidsulldimunzauduaiudesniswazsidinunevesdiseoy
Anvimaiaiieg eriwe1ansdusulssruudiasuis Inslugadelausuuzedszuuns
aou Protus s¥UUSangULUUNMISsusuAndng uagidevesdiSoutuiinludiines uas
UsganananguatuzuuuunsdeuiiuandstuimunainidennisSeuinunged LS
9niuld AppioriAll LﬁaﬁumﬁﬂﬁmmgﬂLLUUMﬂ’]ﬁmeﬁﬁé’ﬂ wazauaulavesise

NaNIMAaBandliindIN1sTINAuesnInaaeusULuUNSISBuiveisou Lavn15Yyn

]
v oA

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

wuzthfanssuMIteuiosulaliudiSeunusUuwuunIsseu; wasanuveu

nsviumilestoya: widauazialla (Han wazaAne, 2011) N1585UIEMANNITHAY
wadavesnsimilesteya lneduduainnsesunevdnnsfiugiu uasndnnseng 4 ves
nsvimilestoya Wy MskenuezUsElAnvedeya NMswlsudeya nsananmuanyMe 113
anili 1358 waznsianguieya Tnswiuisoswesnisdnngudoya (clustering) uazn1s
e (prediction) tnesudanislidiadesiionadamans wazadd wietielunsiuniles

Toya Faiinseduteduneu uazmallnransitauresdanaiiiusi o nanunsaldlunisviy
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Lﬁﬁﬁaqsﬁagaswﬁqmsﬁﬂ clustering A28 k-means Wag hierarchical clustering Lazn15vi

predictive modeling Ae regression Waz decision tree

n3UszgndldinaluladnguiiionsiaaeusunuunisiFounisasuvetinAny,
FeInTIUeANans (Abdelhadi, 2017) loAnwnsduundniFewiainssuluieasesu lagns
LUINEUAIUAIIUADINITIULUUNITIT8U3VBY Felder and Silverman s1afiululAn
waluladngu (Group Technology) uldfuisnsasuiigndeuiieliiinyselovigsanan
Wmsnensaeu Tneweluladngy iWuisnsivilinsuisanuadendsturesnudnums
yesingisniudungy nuinislémaluladngulugisiuniansinueztigligasuld
sUsvuMsaeuinzanfuinideuiieussgnisaeudifeans uenanifaeudsarunsn
HunengAnssuvesinFeudunguitewieuionnumndngns wagnsueunansuliiy
fni3guaunsaviiielfimungauduguuuunisiieuivesiniteulungy uazaiunsn

=i v oA a
WasuuUadlslatenunguiiin

N1INTIVHBUAMUMINANVDINITIANQUTRYaDUNTUIAT (Ul wazAe, 2018)
N1SRTIvERUANIMINEANYRINITIANduTayasunsuatluyateya lneldisnsdndula
LWUULBINY AU (decision tree) kagddnN15N¥ABFHILUUNYNINY (rule-based clustering)
lngnsldipseslionsivaeuanumanzaulun1sdnngy 1aen1sNaIsIAINaTINAIY
AANAIA (Sum of Squared Error: SSE) 1nldfiunsain1sdnngusuy Unsupervised Learning
a gj (% ¥ o/ (Y 4 ! 1 1 Y a o A
annadeldnsnuaninuduiussenineen k wagan SSE Wiengalisuninudumnse

%Change Tun1smauIuNquvINzaY

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

tuldlainananulidila wezdaeuliaunsoaeulsguiu uiidunseanuldnseiuve

Vinwen1siseusseninadniteu waren9nsd weliinSeuidnlidauiglatugaeuinulaviiu

wile AstudsdndunaedewihnsidelmelinseinguuesgusuunmsiseuivesiniEeume

'
& A

70 K-Means uagFuzzy C-Means @ailinguszasaiiolimsnuuse@ninavenisiseusiuy

NAUADNITRAININITYAYY Wagn1sHAUIHAFUMENIeNISTeuvestinisew 35n159lelunis

[

FPFURUUNITEIEUIAIENTEUIUNSIMT B UBYAlUNTTUIUNTTINIY wagHmuIAINT WUl

n1s3uunUseianvessluuunisiseuivesiniseulaglyd K-Means kag FCM @1u1sauUs
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sonilu 4 nqu dnSeunateaureuiiazouimenisilsdsiglunisusaiiu 11nniinig

a

bIYU

a

bIHU

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

Calle  CaNle

AIELEEY wazde N19338daUNIAYIue11TEaouAUNIISASARUNIgnaBsliy

gniseulutusey

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

= A

1988) ladnwuieatusluuunisiseuivesinAnulurainnatg iy deduauiniseun

[

lasunsiseuslutuissutugnaivnulaudaau wasn1snseufame widegiusukuy

Y

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

YINANYIAINTTU UagFURUUNITABULUUALANYBIB1TEIAINTTH NUTIFURUUNIS

v =

SeuivesindnwidmnssudiulnguazsUnuunisasuveseasdisnssualvg i

v = Y

lunanefid dnAnwidrmnssuduinaidudnSeunveaiuladuiaeuls waznseieiadu uay

3

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

¥

14iA warn1sgeyderedenuvadimnsiisanloy wiinsuwuuivanvatentnseuseus el

Y

WINNY wAn1ITINAuYesTIuIuAsutate wallaluingn1sveaeunlsiiesnenay

MOUAUBIAMUABINITYRITNS s Ul nIaisualutwToule o walla LazAuuzdnli

Ulunihilaseevauesinguszasdll sgalshinuaudailildldmaianmualunntudou

(%
14 aad a

1A 4:1' [ v v Aa a a o v v A
uetdeniiaztlulule wazaeddd Aredsdsluvunmsaeuniuseandsandusutinisou way

Y

ANUAZAINAUIBEINT VD1 N s eg 1 ussTuwd wazluiidulinlaeiinanseny

agannfaRuAMNNSISEUIIARTUluNEma

Learning styles and strategies (Felder wagSoloman, 2000) UNAIINULLUATS

a 2/

Souduaznagnslunisasuiiaenndosiuanuvey wazguiuunsSeuivesinGou Ineld
sULUUNSIS8Uves Felder-Silverman fludsiniSouseniludiia: sensory/intuitive,
visual/verbal, active/reflective, WLag sequential/global IGWEJﬂaqwﬁmﬁﬁau'gﬁmn@hﬂﬁu
WU N1sBEUSRUUNIERsesu n1sseusuuuTinile waznsseuslaglddynidugiu aed
UszanSuadmiuguiuunsBouifiuandnaiu euiuusssansiiou enansdasnszmiings
AumaInranevesgUluunnsiious uarldisnisasu waznagndiinarnvanedsanunsa
seafugduvunMsiSeuiiuanssiuld msUssidiuseduisuuuunisdous (1LS) 1{HuAsT

aunsaldszyanuvaulunsiseuivesinGey wasUsumsasulvivunay lnesiuuaInis
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gl waznisinguuuunisiseui wasnagnsvestniseududsdfyiivisuiulsing

nsSeuvetintey wavaseduswlumsiseus;

Applications, reliability and validity of the index of learning styles (Felder iag
Spurlin, 2005) unAaijsaueteyaifeiunsldfuiisuuuumsaiious (index of Leaming
Styles: ILS) ia3asilotauuumasdsinenditieligldanansassysuuuunsoudvesmulosld
Tnggjaiuinisly ILS Tun153ds waznsldanuata Tnefidmneiiessuigauaenndeues
LS funsious waznsfinnsananuindede wazeufiewelalunsld ILS lunside ns
FoudvosindouiniuegfuanuaenadassgvinguuuumsBeudvesindouivasignaoy
wavnanideudazifnves ILS AUsznoumay 1) sensory/intuitive, 2) visual/verbal, 3)
active/reflective, Wag 4) sequential/global F9n1579 ILS aggligldaunsaseydseam
Uniseuusazdszinnlaegredaiay wazdiglienarsdusunisasulivansauiuguuuunis

a k4 v a v
Lﬁﬂug“ﬂ@ﬁuﬂﬁ&ﬂﬂﬂ

A psychometric study of the index of leaming styles© (Litzinger hazAM g,
2007) diauan1sAnwnun nvenailsUuuuunisiseus (Index of Learing Styles: ILS) lag
Mdayaandniseuluseiulszandne Tseufnuvineunu wasdssuAnyineulaleves
an3gewint Han1sdemudn ILS fanutdetie uaramgndBIUsERINTINeT LAl
anunzanlunsliiaguuuunisiseuivestdntey wieglsiaunanisidedsldaunse
atfuayudoauuAgiuii ILS awsalflunisinguuvunisiseuivesinFeunnussianle
TnslanizegadsdmiuiinGeuiiinginssunisSeusiiuanstuegiann nisAnymdri
Huvselovddmsudly ILs lunstnsuuuunmsdoudvesinEou Tnen1sidedagaelgld
aunsausulensldeu ILS Wmunzay wasdivssavinmeenisinuasusuugsnisasuln

WiLNzauiuaUfInNIsURItnseule

Data classification: algorithms and applications (Aggarwal, 2014) a8u18 whae
Ainszivesdanedfiumneg Aldlunsdanguieya (data classification) uaznsuszgneld
nuluasausgeg ImsLawwashq?iﬂumﬁmmzﬁ%’aaﬂa LaZEnA 1wU N1TIATIZI Lazdn
naudoyalagldnisisoudiuudiass (model-based leaming) Tagiuiinslduuifnvosnis
LUNNANTBLARILAIUAINITAVDIUAANITISEUTITING (rule-based learning) wazn15LY

wallaveIn1ITanguiayaiuuldanyuiu (clustering) wazni1suusngudayauuuduldl
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(decision trees) LilodnnqudoyatraglunguiieaiunudnuuenIswUNguNfeInIg way
nslduunfnvesnsinngudeyamematinn1sdauensedu (hierarchical clustering) wagn1s
InngudayanuuAUdURUS (association rule mining) MUUNITIANGUToYAN AN WML

msflenuduiusiuszninedayasig 9 1Wusu

Learning styles diagnosis based on user interface behaviors for the
customization of learning interfaces in an intelligent tutoring system (Cha wazAMy,
2006) MsmuTzULdOuSR3E (Intelligent Tutoring System) flanunsausuussadruRnse
ALY (User Interface) Inggnlud@anugduuumsiseuivesldou Ingldisnsidadealadns
1Seu3 (Learning Style Diagnosis) a1nng@nssun1stdauvesldau Tnegidelaimuissuy
aoudanserlagldisn1sinmiu uazduiinnsldaru (User Interaction Tracking) vessldeu
Immiammmﬂ%mﬁmLamﬁgﬂsﬂ%’ﬁuLwiazmueuaaﬁauﬁwiaéﬂ% (User Interface) Wazn1s
TaUsunumsldanuresudazdiu Insnanisinnuazgninunldlunisifadealaanisisous

Y Y

vold IneldinIesilogounuiiuiuneiiuanyasnsiteusveld

Data clustering: 50 years beyond K-means (Jain, 2010) mﬁ]’mﬂﬁjm%gaﬁﬁﬂﬁﬁ
mnuwiug uazdulupumdnns saudannsedunemaialul o ferdonisusvananauuy
Wi waznsdnngudeyatuudeuiu nuideiaguldinnisdanaudeyaidunszuiunis
fidhdny uaranudAnlunsinsgideya Tnsmsinnduioyatuiiognateisnisiiunnsa
fulwdaisnsldonu waganuuiug uiirnuddedinanlddiniuimuddyuesnis
n3aaeu uardsuidiuiinisdandudoyaiiiofandeniBnsiungaslumsléou vonani

1 [

gaauowmailanieg Rarursatanlglunisdanaudenala 1wy n1sUsunasilsnduaIn

9 Y

(% s

wilauvesteya (similarity function), n1sldadaimesUszainiioy (artificial neural

network) kagN1SEeNWIANITAITIEEY

A comparative efficiency of clustering using dynamic feature selection
optimization of subspace clustering algorithms (Pimpaporn agMeesad, 2014) U3
o = ~ ~ a a ' 2 % A ]
um{]mmaLwaLUiUUL‘VlUuﬂizamﬁmwmaqmmmﬂqmayjaimiﬁumil,aaﬂaﬂwmz (feature
selection) wuulaunin Guaqé’aﬂa%ﬁmwumiLLquhusuaﬁaga (subspace clustering

algorithms) Wiagdanasfy wWen13sniluseaniamunianlunisuuing udeya laudl

Wmngiieananuduteuvesnisuiingudeya uazliiuuszdnsninvesnisuiingudoya
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va v v

AIdelinsusziliunanisuiangulagldan Sithouette index uag DB index lngilIauiiiey

s U

AMNASNGAUDANDINNUUUTITUA LazdanoINULUUUSULSS (dynamic feature selection
optimization) Fuduiuinmieinisdenanwauzuuulaundin warnan1sisewuInNsieng

wusdiuvesteyauuuliuussaiunsaanaududauvanisiiingudeya wagliiy

1Y) d‘

Usransamlunisuiangudeyalaluszaugeaallaiieuiunislddanesuuuusssuni 8ns
Faansbmiutsnuaunsalunsanvunvesateyalnenisidendnuaziuulauin il

1 1 v < v 1 = a a o
mnwmqmayjaLﬂulﬂlmammﬂixawﬁmw LAZLAUNZAUNUNISUSZUIaNE

The clustering validity with silhouette and sum of squared errors

(Thinsungnoena WagAy, 2015) MsUIguLiguANABAABIUDINTTINNGUToYalaeldis

silhouette Wwag sum of squared errors (SSE) @swu31n15k436 silhouette TANAANWSNANTY

[

SSE lun1suszliunmnmeean1sanngs lagie silhouette gelumNIUIUNGUTLANTY

Tugaued SSE darsasmudiuaunguiliindu wanisld SsE faduisndeuldlunisdangy

14 Ya v =% 1

Toyalun1auUa lnegideiaaueinmslniassisiuiuieUseiiunnugenndevednis

Y

Jangudeyaeerunulszdnsnm
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UNN 3

A5N15AUNI5IAY

[

a dy
N13398U

Ya o

fdeintunstanguinifeunteluduiousdisdiusyaniam wazanunn
Prwo1sdiaeulunisusznaunsinduladmiunmaBsunisaoumelufuiou lnefituney
nszvIuNs A3 TndsyAnBamuasnsuianguiinGsunelutudou sufssuvatduayuly
nsdrednaulavesenarsddaou Insditunounsruiunisiineideyadaey CRISP-DM
(Cross-Industry Standard Process for Data Mining ) f“f'UmiLL‘UﬂmjmﬁﬂL%EJWH:MEULLUUM?
SoufunUszgndldfunuide Twsenoudenssuiunsianun 6 funeu nszUIuNTUsAY
funeuiuazdaidesiulnedunouludduinluardesselinssuiumsnountiaiaiunon
LLa3Lﬁalﬁwﬁﬁwéﬁ]’mﬂi%U?Uﬂ’]’iﬁ%’lﬂIﬂJL@ﬁf\f’]a@\ﬁ%a@ga (Modeling) ®1998in32UUNTS
founduresnsuiuustunou waznszuunsiitelinadnsidiiuseansam vesns

Taszvideyalunuidy

3.1 nMsanadlanulyna (Business Understanding)

Fupauusnlunszuaums CRISP-DM duduluiinsviaudilafuam uasulas
Hgymiilslieglugilandvesmslinseideyavesamilestoya nmsraunilunisdniunns
felunuafedfdmanglunsuitigmnsudsngaluduou Tasldnssuumaniiesiaya

U 1%

fugndeyastuuunsGous Wetsuusihnisuendulududsufivnzay Wilaguuuunis
Seuvetiniteu annsiuaunisaeuliiuenaIsdiaey waznswusthliinSeulan siu
fagunuunaBeudvowmuies lasunanunuidedldiauemeianisusnguuesiineluty
SHU AIINITTNITNITRUINGUMAINVAI8LUINI dazdUseanSainlagerdeviainraie
wedalunszuiunsnsiimiiesdeya sauludmsusslivgueuunsseuivetinbey was

UnAnw emdwiunguiliugiivestuisey laelin1sinysednsnmvesnisuuingulag

1 ]

N5EUIUNITNISATINTTIWABULYASYB AT Sum Square of Error (SSE) Lﬁaiﬁlﬁﬂqw
wizauvesyndeya waznswuztdliaeuldnsuimuneavandnvesinissulunsiag
nau lunsdlininennslunisaeuiidrin viefaoudesnsfiazutsdunguuuuianzas lng
nsrUruMsUszifiuguiuunsBeuivesiniFeu nszuiunsmisnismamilesteyad
wnzay uaznsrUIUMIUssiulsEdvBamassnisudangy Tasthdeyadildainnszuiums

WunUszgnaldimungauiuauneIn1svee1Tdhaeu
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3.2 maassudaya (Data Understanding)

funouiiasdlunszurunis CRISP-DM Fatiulfininfusiurindoya uagnis
ATI9EeUANLgNdBIasteyaiisIuT tleUszneunsfiansanveulumlunislddeya lne
Henyadoyavesindnuumine ds dafudoyaduisutndnwseduiagynd dudd 1 -
4 @1913¥1INYINTABUNNADT AEINg AR TunIIng deudld ginedunsiy Jamin
Felnd Unnsfinw 2563 91w 162 au wagdmsunisneassgadeyatnisey daiiudoya
FuZeuszduisondnuti 3 TssSourauseniununn sunonosasin Saviadedn U
Msfinw 2564 $1uau 35 Au Tnawdadeyasenidu 2 dude

1. foyaugruvestinou dnfnw Idud dintiide o unuana e seiudu

M3Anw sERutusey veuseu lnelilassasnesnisdnnudeyaiiugiuvesinieu dnfnw

WUFIUVBIUNLIIY LAz UNAN®YT AIRISI

o«

AIN13199 2 haweg1ateyany (Raw Data) Uoya
w3

2. Yaan15UseLliuguuuun13i3eus Index Learning Style (ILS) a1nuuuyseiiiy
NITUIURUUNITITEUIT 8 AMUAINIULUUNITISEUS Index Learning Style (ILS) 84
(Felder wazSilverman, 1988) wagiilasaasninisdniiudeyaguuuunisseus fan1sei 3
Tngizuannnisiiusiusindeyandsainnisiuuuyssiiugusuuniseuidaeenwuuniy
5ULUUNI51384 Index Learning Style (ILS) ¥4 (Felder uagSilverman, 1988) @ailfiiagna
Uayafy (Raw Data) JUkUUNTIS8US Index Learning Style (ILS) A4A15197 4 UagRI8E9

a Y d‘

SULUUNISITEUS A9n15797 5

1aeiin1597198911955 6l UNSIMNUASTALYY SHANA STasEAUNISANYY 31NUsenIe
YDINTTNTNANBIZNT 30U1MIFIUNTNUTaYaN1NIsAnYT Fellfeg19vaanisdmiu
ToyasiaszAuni1sAny (Education Level) arusiadeyan1nsgiunans (Code List) 79

a (Y 1 [ ® Y v & a CY 4

M137991 5 uagmegsveimsdninuteyasiatull (Grade Level) amusiiadeyauinigiunans

(Code List) dnunnuifeddunudoya daunazidunszuiunisnsivaeudoyaiilasiusiy

\ianIIARUANgNABITRNTaYa kariansandweulnvesoyaiazaasldlunsiiasiey

A1519% 2 lassasensdaiudeyaiiugiuesingey dnfnw

A o v o a
UVBINIUD ANBIUNY

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

Y

M13199 3 Freeateyaiu (Raw Data) UayaiugIuvesinisey uaginfne

Prefix FirstName | LastName | Gender | EducationLevel | GradelLevel | ClassRoom
Wnuga 1A $niSeu 2 12 Wseudnud 1
i3
LN Lding WNSAIN 2 12 Asendnwd 1
i3
Wne 5hh) 5ITUVR 1 12 AseuAnuil 1
i3
Wnue dx01n 1157 1 12 Asufnwl 1
i3

M15199 4 lassasenisdaiudeyaguuuunisiseug Index Leaming Style (ILS)

vaviale A185U"Y
StudentID eV GGIRE
ActivePoint AZLUUIULUUNISITEUSANY Active

ReflectivePoint

AzLUUULUUNSISEUSANY Reflective

SensingPoint

AZLUUIULUUNSISEUSAY Sensing

IntuitivePoint

AZLUUIULUUNSISEUSANY Intuitive

VisualPoint AzLUUIULUUNSISEUSAY Visual
VerbalPoint AzLUUIFULUUNTISEUSANY Verbal
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SequentialPoint

AzLUUIULUUNSISEUSAY Sequential

GlobalPoint

AzuuuFULUUNSSEUSAU Global

A519f1 5 foesdoyadiu (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 FegaveyaTATEAUNSANYY (Education Level) nusiiatayauinsgiunang

(Code List)
i Wl 52AUNTSANYT (CLS_EDUCATION_LEVEL) | %s1neun
1 00 WILNAYUIA
2 10 nauUTzaNAnNY
3 11 UszanAnu
4 12 seNANUINDUAU
5 13 iseuAnwInoaulale
6 14 Usgnietlsinsindmeda (Uan.)
7 15 aulse
8 16 USeueyes

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

=p.

sefuvy (GRADE_LEVEL)

s NUBLNR
1 211 | Uszandnw U9 14050 1
2 212 | Uszoudnunf 24nsm 2
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3 213 | UszaudnwUii 3409 3

4 214 | Uszoudnwn9 a/inse 4

5 215 | UszaufnwU9 54059 5

6 216 | Uszaufnwl9 6/4n3m 6

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

8 312 | sfseudnwni 2 Ansa 8/ wigfadiuil 2

9 313 | Sseufinu¥ 3 Anse 9/ wgdaddudi

10 | 411 | sfseufnw¥i 4Ansn10

11 412 | Sseu@nun¥fl 540301 LAsSeunIsTudi 1
12 413 | Sseufnu¥fl 6/4n3n12/mseumanstudi 2/nau sseufn
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)
nszvunswssudayaneuilliiaseyt lneunfuditoyanunanunadsiig o dnae
fianwldauysalvesdoya wazlinisdnnuuaniaiiuveuiwaiinzdiunldiasenase n1s
wssudayadadunismwmssuniondniunsiiasisi wazasiadeunugniesresloya
4{' v Y (% :.’/ a L4 o v/ v a 1 IS
ielindeufutunauveinsiiaseit wasihluldlunisasslumalszneunisindulasgiad

Ys2ansnn

Hesandeyandiainnisneusuulseiliuiuideyaiugiu Jududiuynaaves

Y

¥

Uniseu Undnw wazdeyaguuuun1siseus Index Learning Style (ILS) agnglunnd uay

Y Y

[ =

AadulAgIfuIuinnIsAnAendayalanivdtu Wieliaiuisairldimseilagldimade

wilostaya laguenasedmSunITiATIEiveyaoananasavan denielunisieliuy
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U5¥N0UAIY StudentlD WOT¥UMAIAUYBIUNITEU 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 N33UAUNNTA59 wazwaunluna (Modeling)
nsrurunsassluwaidunisiinszideya wazadwanuigiuindiauduiusiu
senieduUsludeyaty q lngnsidendsmsimanzauiudeya lnen1siideyauiasng

Tuwaialalun1syunenansan1sINNANYaNA JNITWUINANAIUTURUUNITHSEUSDEAI8N U
q U q U v

(%
av A A

lnswideilidenidnisuuinguuuuUnsupervised Learning (N13iseuiwuuliiigaon) Flu

g

N13HUINAULUY Unsupervised Learning aglaliinslddayaniamaulunisasisluea loy
Azitunounany fsil
a v a 19 v I3 .. ~
1. mswlewdeya: n1siwseudeyalagnisuenteyasenilu Training Data teldluns
afdluna TunaunsmIsuwuuUsEiluienuulsiiiugunuunisiseus 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 UnAnwIulN 4 91U 29 A

- yadeya dniseutudseudnuUn 3 9iuiu 35 A

Y

lnguuuUsziliugunuunisiieus Index Leaming Style (ILS) 1ag Richard M. Felder
wag Barbara A. Soloman wuvUsziiiudeumnauluu 2 Aden TaeidaniieaAnauLfe?
d1w3u "a" way "b" Mnsefuguszidiu Widensudilivesniudazdiniy dsguil 13 deeis
AULUUUIEEUFURUUNISIS8US Index Leaming Style (LS) dmfunuudseiiiuvas
nATelddnszuiunsuansnanandngy WunwnedeliinGey dnfnwanns

MERIEFEUNERERARTER

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)

dnfumsfinduInAzuLYewuUUTEEY AusURUUNSSEuwiazmuluYeInsenaviuy
Usgiilu fanwdl 14
1. nsliazuuunuunaasy lasnnsld “17 Tugesirdlunmsemuguami 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 Taunasiunesnitesnainanainlngnin Weuaim

WANE (1 89 11) wazA8nus (@ 58 b) MLNaTINNANINAI

f10819u a1n1eld "ACT/REF" JA1mau 4 "a" wag 7 "b" 988U "3b" YuUIIin

avaaneleitaiu (3 = 7- 4 uasNasiy "b" AeANTININNIVRWIIABA)

| 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)
|
|
|
|
|

AMA 14 prsuuuUssiiugduuunsiseus ILS

AeSUIEYRIALIINAINNNTUTEEINULUUN SIS BusLUBadY TAsil

- 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 uansinpuianuyeuluseduuiunais

(% =

mo

AU

)

wiunilaiifivesuinmdi wazaseuilndeTuluanimwindeunisaeuiiativany



37

- mnezwuuvesAlusEau 9-11 uansintgaianuveudulaniuniarewing,
dn aueadlgmluniseuiodrsurinsdluaninwindeuiiliaduauuninuveu
i

=

FIFUUUUNITIUNUNAENENA NIV LU ST UIULUUNISE8US Index Learning
Style (ILS) 921y Manmdl 15 wazeedulreisazuuuanuasvlunsasdiunisiaus
AUEYT LAENTEUIUNITIWMNEaNiUNISITeusluA1uazA1u8198997n (Felder kaz

Soloman, 2000) AeFUIBFILUUNSEYS 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 a319asunaans sULuuNISEeus Index Leaming Style

3.6 LURAISNITNAFIULULAA
LUIAANITERUNA@BULAANITWUNGUAIY Parameters Tuning Wunszuiunis

UYFuusansniimesveddumaiielvduszaniainlunisviauuindu lunisudsnguay

v
1A 1

sUkuUNREus Mnasuudniwesinaiazyisuiuussluealiaiuasarinauld

% I

oeailUsAvEnmnntudielWldtanisunguiiinindisauusiugigs Taglumsudend
MugULUUNIsSeus Hierarchical Clustering aziimisnilmasdday 2 ¢ louA distance uae
linkage

1. Distance Measure: 1Juisn1sAuiaszeyinsszninsgauestoya ldlunis
AUIUNIAILARIEATITENIIINGUToYE tnediisnsAuInsreeinslunisuuangy

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

Falunsaifisosnsusuusansdmesdmsu Hierarchical Clustering agvilglaenis

NAADUIURUUNISISBUSIAazIUUMENITLEAT Distance Uag Linkage MuANA1ail uaziden

' '
oA a

Aiiluanisutanguiiaian (Optimization) Ineld Elbow method Wag %Change 4

LIAAMsInUsEanSnmdeya 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

A 16 NIEUIUMIUSULITweasvedlinansulIngy

3.7 uuiAndsnsinussansnndaya
PnMsuvInguvesyadeyalagldnisilineslugduvuiuanssiuivyadeya Ui
WadNSIINNITHUINAUYBIYgatY 9 daunasilunszuiunisinusgdvsnimveinisulngu

wingau (Optimization) er3delatuuafnlunisinusensnmueansuuanguyn

Qe .2 =23}
hO)
=29
®
[
[2)}
=D
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1. Elbow method 1JuAsnsldnsvidulAsiiuenianinuuansneseninediurung
uazAuasnndevestoyanislungu Tnsaziianswidusieideaszninedves SSE fu
Fruaungu warwyaiinswiwmasuadredoren (elbow point) Bsazdusuunguivansay
dmiunungudeya

2. AndABuUUases SSE (%Change) azldinUszansamvesnisutsnguiildain
Elbow method Insmsiamsiasuntawesdnadsvesnzuunlunsagngy mnn1suusngs

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

MAElAINsIMUAAIY89 %Change NgausulalumsinAnumuzauvongy

[%
[V

fa1u n1919 Elbow method 531AU % Change @nunsagislunisuseifiy
UsgAvBamwasnsuuanguiinEeunuguuuunseusls lnonmsmduiunguiven gax
21nA" Elbow WarATIadBUA %Change vasazuulluudaznaulofusunnuaenndosiy
msudsngutiu mnnsuisnguiesuunguiivsyansnings Aannsnihluldlunisass

WUUTIA0AUTEUIUUUAN 9 Mvingauiudnuuzveaguuuunsteus

3.8 d3UNAN5ITY WaININTIBUINTNUS
AMTINATUNTFUIUNTITBoN IoUaLDIngUTTase Uavauuigiunivualily

LRI Y1EnTeman19Ide wagimuiusulseesaausival 9 nisenunisAnwiiunis

[

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

& o

vayasUuuumsisaug AS:UIUNSASIDAIU

nuwvasuaw (ILS) AuMwdaya ua:ns
Ustudawa

&

f !: : naaauluoadoya
1azn1sIve
N

™

] i | n e THESIS

| | h =1y

et 'n » 2 g
! " b

- wauuiszuuaduauumsa asuwamsiveg uavam
[PV N S : TN : S
naumusyuuumsisgus S19vIWSNLTWUS

‘:I R a v
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msthdeyalulfedredivszaninm muideildfnsamaasanaianisutangudoyanats
W deslaun

1.w1978me3 Distance 91UU 2 ALUSLALA Euclidean Distance wag Manhattan
Distance
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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 8NS5 NI515me35 Euclidean Distance, Ward Linkage TngLaan Clusterﬁ 7

wszdanumuizanlunsuuinquuesyadeyainsiedl SSE routetoy wazdnsnis

WaBuLUAYDY SSE #58 %Change MMgas 1agdingeuIUNITIIUNGUVDINITUUINAY

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
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3
15
18
28
35

a3

§nu1920UR1519NATIN NAIINNTEUIUNITRUINGUUOIYATaya NS udY

AsouAnw1U9 3 Feagiansunludiuves Within cluster sum of squares 38 SSE Lile

#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
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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 LansisnadndveINIsuLUINgNTsamsauendnmduRus
LLUUéﬂﬁu%uwé’qmﬂﬂizmumswmduLLUU Hirarchical Clustering fun1318imas Ward
Linkage ¢ Euclideance Distance lneuandlviiiutianuneiavesaundntuusazngudoya
(Clusten) Tagazwmidnuandaiuluudasngudsnndnvazesaindnluudazngy (Cluster)
tuflenuediendatu wanidefisunndnuusvesannssrinanguiudanuunndatu 39

uuAW Dendrogram aztieliupafunmuesnisutsnguuuudfuduldfsauluiifives

NswUINANlUTINIUAI 9 AenInd 19

Dendrogram
Ward Linkage, Euclidean Distance
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Learning Style (ILS) 719 8 AU gavingfinedu Member 3gUauanfanangLavauIBnngs

(Cluster) vosniseu Tunmsuuinguvesyadayatiy 9 Aanmi 20

StudentlD  ACT REF
1 1 0
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SEN
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o 9
o 1

Member
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AN 20 HaaNInnauYateNatuisENAnwUN 3 vesnsuunguuuulagldnisilines

Euclidean Distance, Ward Linkage 9143u 7 g

4.4.2 yntayaun@nwUSyyns

YavayatnAnwUTyy1ns FulN 1 31 60 AU lnenswuanguwuy Hierarchical

Clustering aen15lgn1513tmes Euclidean Distance, Ward Linkage lagden Cluster 77

wszdanumuizanlunisuuinguuesyadeyamsiezdl SSE Nrouteloy wazdnsinis

WaguLUaIuaa SSE %38 %Change Mwisnzau lauiinssuIuNIIIIUNGUTBINITLUINGURUY

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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13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
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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
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30
11
58
55
a6
38
19
15
59
33
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57
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36
29
a1
51
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39
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37
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17

43
14
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27
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16

31
18

co A N P N U OO N WO VW N NN O O WO W W VU A VOV WL DD DD DD DD DN

a6



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

MITNNATIN NRIRINNTEUIUNTHUINGUVBIYATRYATINANYIUT 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 udIUTD Within cluster sum of squares %38 SSE o151 Useansninlu

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 LansdsnadndveINsuLUINgNTsamsauendnmduRu
wuUEFUTuMERINNTUINNILYINGULUY Hirarchical Clustering fuw1sfiwas Ward
Linkage ¢ Euclideance Distance lneuandlviliiufisnuneiavesaundntuuiazngudoya
(Cluster) Ingazunudiunnisiuluisazndudsnadnvazvesaundnluusiazngs (Cluster)
fufimundeaieiu wandefisugudnuarresaundnssminnguiuinnuuensaty 39
uHuAW Dendrogram azteliupafiunmuesnisutsnguuuudduduldfsauluifves

NswUenaNluTIILAI 9 AenInd 21

Dendrogram
Ward Linkage, Euclidean Distance

-454.237

-2T6.151

similarity

-38.081
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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 waaundnnguyadeyain@nyIyaes TN 1 vesnsudinguuuulagly

9

W1373mas Euclidean Distance, Ward Linkage 31131 7 nay

[ '

4.4.3 yntayaun@nwUSyyns Uiy
v o = a N Y oaa ° ' | . X
YatoyaunAny1UTay1ns TN 2 31w 24 au laen1swuInguiuy Hierarchical
Clustering an15lgn1518tme3s Euclidean Distance, Ward Linkage lagiden Cluster 71 7
wszlinuminzanlunisuuanguesyadoyansizdl SSE NAout1tes LagdnsIng
WaguuUawea SSE %38 %Change Mwisnzau lagiinseuiuNITTINNAUYeINITLUINGULUY

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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12
13
14
15
16
17
18
19
20
21
22
23

MITNNATIN MRIAINNTEUIUNTHUING U VR ATayatnAnwUTaya

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 uansdanadndvensuangudsaunsaveniennnuduiug
LUUEIFUTUNEIINNTEUIUAITULTINGULUY Hirarchical Clustering funn3dimas Ward
Linkage wag Euclideance Distance lnguansliiiufivmneiasvesaundniuudazngudoya
(Cluster) Ingagunudfiunnsirsiluiazngudenudnvazvesandnluudazngs (Cluster)
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Dendrogram
Ward Linkage, Euclidean Distance
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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 waannnguandeyatinfnw Uy e Suld 2 vesnsudnguuuulngld
W1578me% Euclidean Distance, Ward Linkage 3743U 7 nay
4.4.4 yntoyaun@nwUTeen3 ST
yndayaiindnuuTye 4udf 3 S1uau 48 Au Tensulsnguwu Hierarchical
Clustering aen15lgn15183wmes Euclidean Distance, Ward Linkage lagiden Cluster 71 7
mszdanumanzanlunisutinguvesyadoyainsizd SSE ideudiades wazdnsinng
1WasuuUaswes SSE wie %Change Munzan TaefinssuIun1sTIuNgNvUINTLUINLIUY

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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16
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12
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93.137
93.137
93.010
92.076
91.463
91.463
90.295
89.911
89.517
88.944
88.793
87.969
87.939
87.893
86.275
85.759
85.549
84.073
82.114
80.997
80.851
79.884
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75.711
71.606
71.155
64.761
63.027
45.253
37.799
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1.732
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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a2
43
aaq
a5
a6
ar

MITNNATIN MRIAINNTEUIUNTHUINGUVRYATayatnAnwUTayey

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 JUUN 3 T9

N5l udIUTBS Within cluster sum of squares %38 SSE oW sau1UsEansanlu

nswlangudayanivanyay

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 WaRSEaNAaNEURINITUINENTIAINTaUDNIIALFUNUS

LUUSIAUTUMAIIINNTEUIUNTRUINGURUY Hirarchical Clustering fun151iiinas Ward

Linkage a2 Euclideance Distance lnguandliiiiufsngiarvesaundnluwiaznaudoya

(Cluster) lngagunudnuanasiuluusiazngudnudnuuzyosauninluwdazngy (Cluster)
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Wullanuadgadiaiy uazileweunuanyvugIasEndnsenintanguiuiinnuuaneiaiy g

WHUANIW Dendrogram axagliueaiunmvesniswusngusuuaiuiulangtuluifves

NswUInaNluTININAI 9 AenInd 25

Dendrogram
Ward Linkage, Euclidean Distance

-332.057

-188.031

similarity

-44.021
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NadnsveINIIuUINgugadeyatinAnyiusyyins 9wl 1 lagagd StudentD u

e v = & o o i a = v
N8R I UNUTI8YYBUANTNIT Y LazAIATRUUYTEIIUTULUUNISISEUT Index
Learning Style (ILS) ¥4 8 91U gANN87IABEN Member ¥ UIUBNAINUILLAVANITNANEY

(Clusten) vasniFeu TuNsWUINGUVBIYATRUATIY 9 AINTNN 26
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Member

M Ln B L B W NN -

MW 26 waaunnnauyateyain@nyUIyaes TN 3 vesmsudanguuuulagly

W1578me% Euclidean Distance, Ward Linkage 3743u 7 nay

4.4.5 yntoyaunAnwUTen3

o o ¢ a o Y ad
YavoyaunAnvIlIgeInT Yuln 4

[ '

JUUN

[

1UIU

29 A lAEN1THUINGULUY Hierarchical

Clustering saun15lagn1513wmes Euclidean Distance, Ward Linkage laglden Cluster 71 7

wzlianumunzanlunisuuanguresyadeyansizdl SSE NAoud1tes LagdnsIng

WaguLUaIuaa SSE %138 %Change Mwisngay laudinseuiunNIITINNaUYaINITLUINGULUY

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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17
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19
20
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22
23
24
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27
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AT NNATINVAIINNTEUIUNTUUINGUVRIYATRYanAnwIUT ey 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
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8
7
6
5 -30.822
4 -71.130
3 -80.092
2 -134.395
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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 WanITaHaaNsveIN1ThUINguTEN1saUanfenIudunus
LUUAIRUTUNSIIINNTFUIUNITHUINGULUY Hirarchical Clustering Aun1s1iiinas Ward
Linkage wa¢ Euclideance Distance lnguansliiiufivangiavvesandnluusasngudoya

(Clusten) IngagunudnuandsiuluidasngudnudnyasvesauBnluudaznay (Cluster)
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' Y 1
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u\lwdnd

WU Dendrogram 9zyaglineiiunmasinisuuinguuuuasutulanssdulufifves

nswuUenguludwIueng 9 fsnnd 27

Dendrogram
Ward Linkage, Euclidean Distance
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(% '
v v = a v A

nadnsvesnIsuUInguyndeyatinAnwiuSeyyns 4ul 1 lagasdl StudentD 1u

9 Y

[ % = 1

g ldunusedevenaninisey wazAIAzkuuUTEEUIULUUNITISEUS Index
Learning Style (ILS) ¥4 8 AU @nviNe7AdaN 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

i
a o

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

o

W1518» o3 Euclidean Distance, Ward Linkage 31u2u 7 ﬂEj&J

4.5 MydaduszansamlunsinnguvasyadayatnSeuduiliseufnutn 3

nsvuIuMsInAUsEansnmlunddelasuinsnageuivemussansanuuingy
voxfoyasonilunqulagldtunounisiansainisiuaniniswuingulaeldal Sum of

Squared Errors (SSE) taidann131diinas Distance wag Linkage Mvunzaslunishuingy

[

YoyATeYa IaghusnaNsus 2 At 10 nau (K = 2-10) Inguadunaunsil

4.5.1 Tupouil 1 N1INATANAREETINIIINABT Linkage Tiviungay

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

'
a

Errors %38 SSE ¥83n15181ma$ Linkage NflA1edstoafgaidududuusn 91091519013

wUanguvesyatayatinisoutulseuAnwiUN 3 fam13199 8 wudmnsimes Euclidean

=

Distance wag Linkage Ward lifintadigvea Sum of Squared Errors %158 SSE Wagiian
397.43
4.5.2 FURDUN 2 NTATUNTIUIUASALNBSTOINITITNT Linkage Ttz e

dalanisndimed Linkage MMugauan §Au198ia1anT1UIUVBINGYN NI0ASH

[

Wo35 (Cluster) Mnuzaulngn1INIITUINIMUA %Change NBausulalneynvoyaves

RY)
NS suTuisenfne U 3 duagia1TanAl %Change M1 15% WagldondUIUASALADSLIN

Houly %Change N8N NUITWIUVBINGUTMINTALYRYATaLAREN 6 Nu (Cluster
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6) FaiA1v09 %Change 1 19.92% Fadugaimunzauiunisuiinguuesynadayaiiniseudy

J5euAnw TN 3 95199 8

M13197 8 M1SeuiguUsEANSA NGy Yndeyatiniseutulseudnun Ui 3 ve9

nswUsngusuulagldvatensiiines 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 7 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 | 14.44 | 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 | 5.07
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

dmsumsutangudoyatnEoududsendnui 3 Ingldwisifimes Manhattan
Distance fums1fiaes Linkage Aivainnateiunuindades Sum of Squared Errors %38
SSE 48am93imed Linkage Aitfosdign fan15197 9 nuim1s1fines Manhattan Distance
wa Linkage Ward lieniadevas Sum of Squared Errors e SSE ﬁaaﬁqmagjﬁ 417.45

AAIITUITINIUAS AN SVEINITITN S Linkage Timunzay ioldnisdimes
Linkage Minzanid daunazfinnsand uiuvesngy vieadanes (Cluster) Mivsngaulng
N15MNA1TUININUA %Change ﬁaam%’uleﬁmasqm%’agasuaqﬁfﬂL'%‘&Ju%”’uﬁﬁwﬁﬂwﬂﬁ 3 tfuay
fi915007@1 %Change 7l 15% uagidansuruadamesmdndeuly %Change Aifia15mn
wuIEuIUveIngNTimINzauveIndeyanyfl 5 nau (Cluster 5) Fafldnwas %Change 7
17.83% e?faLﬁuamﬁmmzauﬁumsLL‘U'&mjmawm%’auﬂaﬁfﬂﬁau%guﬁﬁmﬁﬂmﬂﬁ 3 Fann91a7
9 FevniUTeuiiieuseninen1s1fwes Euclidean Distance #an151391 8 uaz Manhattan
Distance #ann51971 9

witilefiansuniuseufisuseninansnfiwes Euclidean Distance #anns17l 8 uay
w1515mes Manhattan Distance #3m15197 9 wudimsnfiwnes Euclidean Distance Hls
A1LaA8v89 Sum of Squared Errors %38 SSE fitfouniinisnfiwes Manhattan Distance
ideiiadenitnisuvandudeyalasld Euclidean Distance uag Ward Linkage Tun1s

wUanguvesyaveyatinseutuliseunuUn 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

nsuuinguuuulagldvanenisndines Manhattan Distance uaglinkage 31W3U 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 ] 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

d1mTun13NA1IUINTIMYBINT5TM 3 Euclidean Distance 3a319N5 WLAAINNT
wianguvesyatoyalagld SSE lunisusediuusednsninvesnisuiings lagldnisniives
Euclidean Distance wa¢ Linkage 14 9 Tun1suuangusendng 2 83 10 ngu (K = 2-10) @4

wgrglimnyafiminzauiigalunisudenguyadeyamedsnis Elbow uag %Change Aalans

1 o

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

q

wudndunsmludiuvesdu Ward Linkage f§nsinisanasves SSE Nigaannillaeuiiey
Y] d' ° Y] ¢ a X o Aa 1y . a =
funsmMauy 9 wazduuadanesiiudulaeiidnsin1sanasiandtidu Linkage 8 9 uda

F1UIUATANDIN 6 (Cluster 6) wuInsMTIAUTUNTEAIRA18IATDABN (Elbow) LilD

v o

NAsanndumsalSeuiieudseansainnisuiengy dvsuyateyanisoudy

Y

'
[y =

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

ufuns i Fahelinansamafimgandwiunisulaingudeyatuliseufnuln 3
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Euclidean Distance

Linkage
—8— fuerage
—B— Complats
- % - Singls
—& - Ward
—#- - Median
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5007

Clustar

A 29 nauansnisiusngulaeld SSE vasnsuusnaulagldwnsiwes Euclidean
Distance Waglinkage 19 9 Wangalviazaulun1swUNguaIe3an1s Elbow waz

%Change

d115UN1INITUINTINVDINIS1TINDS Manhattan Distance uaz Linkage 6119 9)
[leutsnguyndeyafieds Elbow uag %Change dmdunsmaaiimunzaslunisuyangs
589319 2 9 10 ngu (K = 2-10) fsawdl 30 wuiinswnnsuvsngulngld Manhattan
Distance Way Ward Linkage tun1sutanguilnunzaniign 1lesainnisniines Ward
Linkage fi8m31n15anasues SSE figeaaiiloiiouiivuiunswau q uaznsmiinnutud

v 2

Uogatna1eantarenilafiansaniniunTalseuisulssansnmnIsuungu m1s199 9

(%
LYY o

aaly Fuuedawmeinmuzadlunisulinguyadeyatniseududs sufnuUn 3 dwmsy

W1578m8s 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 Nsmkansnskuangulaeld SSE vasnisuuingulagldnisnfines Manhattan
Distance wazLinkage #1194 9 liveymgaszaulunIsLuINgume3snis Elbow uas

%Change

}74 1
v aaA

4.6 nM3iaduszansanlunmsinnguvesyadayatinAneuSeynyinstudi
nsrvrumsiadsavsnmlumifedasunmaaeuiievnysyansnmutenga
vosdeyalnefidunoufinnsannisuansnisutangulagldan Sum of Squared Errors u3e
SSE Tunnsfiansan Fsmsuisngailaglinsfimes Euclidean Distance wazLinkage #ing 9
Tun1suvsngusening 2 fa 10 ngu %3 (K = 2-10) Wilemgailmanzanlunisuvsnguae
Foyamuaudail
4.6.1 Funoudl 1 msRrsanALadsvesmiimes Linkage Awnzay

NMSRTUINITIRDS Linkage Mungauiuagiasanldaiagg Sum of Squared

! a

Errors %30 SSE 98301318003 Linkage NflAnadstosfigailududuusn 91nn13519n13

wianguvesyadeyatin@nviuTya1nstuln 3 dem1s1ei 10 wudtmisiiines Euclidean

'
a

Distance Wka¢ Linkage Ward TiA1Ladeves Sum of Squared Errors #58 SSE ﬁaaﬁqﬂ
26.16
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4.6.2 TURDUN 2 NTATUNTIUASANBSVOINITITLNDS Linkage Ttnunza

Walandmed Linkage Mvunzaua GAN198NI1TUITINIUVRINGN YToREA

v v =2

M3 (Cluster) Muangaulagn1siasannmvun %Change Noausulalasyntoyatindny

U
YTy 3dulf 3 duazfiansanal %Change 91 25% waztdonianuiuradinesniintoulun

HI1T0U1 NUIITIWIUVBINGUINUIZANVDIYATUABEN 7 Ny (Cluster 7) BadlA1vD3

Y 9
(%

%Change 7 26.16% Fudugaimunzauiuniswiinguresyadoyatinfnwusyynstudi

3 A9P15199 10

M15197 10 m1adIeuiigulseansamnisulangueadeyatinAnwiUsyaestuln 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

(%

dmsunisuusngudeyatnAnwisedvdSyy1n3tula 3 laeldnifines

2]
(%

Manhattan Distance fum151fitsas Linkage finainwaneiiunuinanade Sum of Squared
Errors 130 SSE ¥84M13181005 Linkage foafign f1a15197 11 wuiwisifnes
Manhattan Distance &¢ Linkage Ward TALadevee Sum of Squared Errors #38 SSE
Ylovilanetjl 1065.167

NIRITUITIUIUAS AN aSUeINIS TN es Linkage Tluunzay Weoldnisifiwes
Linkage Awinzanid daunagfinnsand uiuvesngy vieadames (Cluster) Mivngaulng
N1379138AMUA %Change ﬁaam%’uléﬂmasqﬂﬁﬁauuaéuaﬂﬁﬂﬁﬂmizﬁw%mmm%%uﬂﬁ 3
9£fia15001A1 %Change 71 25% wazidenduiundawmasiidideuly %Change fifiansan

'
(=]

NUIITUIUVRINAUNMUTANVRIYATBYADEN 7 Nqu (Cluster 7) FailA1v89 %Change 7

Y

(%
CE [y

25.33% FadugaiimunzauiuniswuinguvesyadeyainfnussauuSyynsguln 3 69
M131991 11
wAlaNasuLUTeUBUTEnInanns18mes Euclidean Distance A9n131991 10 wa

N15150MBS Manhattan Distance A9n157197 11 WUIIW15186995 Euclidean Distance 1l
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ANLRABYDY Sum of Squared Errors %58 SSE 11a8n11W15131LMes Manhattan Distance

NUITBUI

wlanguvesyadayatinAnwiszauuTayne

L8N

[
a o

ITUN 3

'
=

(%

Aen1swusnguiayalagly Euclidean Distance wag Ward Linkage Tun1s

A1519% 11 ms1adIguliguUseganinmnisudsnguyndeyatinfnuuSygestuln 3 ves

nswusngusuulagldvalenisniiines 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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dmiunisiiansannsvvessiiwes Euclidean Distance 3a319NTINKAAINTT
wianguvesyadeyalagld SSE lunisusediuusednsnmvesnisuiangs lagldnisiiwmes
Euclidean Distance wag Linkage 14 9 Tun1suuangusendng 2 83 10 nqu (K = 2-10) &9

wyaglinafimunganiigaluniswunguyadayamedsnis Elbow uag %Change AguanS

| [
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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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