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I. [NTRODficrloN

Thc rapldl) dcvcloplnt infonnatioo anrt lomntunicadon
lechnology currenllv ()ffer ercellent polential lr) ovcrcr,rnc thc
problem of cauirabJc 

-access 
lo quality lcamtng irl lliSher

Mucauon through thc Lamrng MnnlgcnEnt Syrtem |LMSt.
LMS ls arofl*art appllcation or wcb:h;rsed tcr:hlology uscrJ
to, plan-. i$lclrenr. 

_:urd 
anscss a franicular leamlng itcss.

Ahhough LMS is *cll dcsigned rnd opeaLd by an cici-priooal
lc ctung triim.lhc lcahing prt)ccss through the LMS h:.s a

rvcalinesr: arl inability ro pcrsonalizc lhe lcaming [ll. This
is cauied by $. oaturc oI LMS fial provide; fic sarit
conlrnt for all studcntli in:r gien crtrnc. Each stodent har n
differe[l lenming slyle and can ltam be[er in differcnl wav!,.
DiHcE Eeographical atrd s()cio-cultural locatrons ol studenrs
will cqtainly fonn differEfl learning slyles l2l. ltamiog s(yles
can influcnce d motivatc sludents to talce lessons. bni of
thc main things thal need,t ro be considered in leirming with
eJeaming systcms is idividual lcamirg styles rtrat r:ary in
LMS. For.crampk. the cohtcnls of mr coursc. subjacts. ard
$udent bcha\'ior and onlme leamlng o(penenc., caninfuence
lcaming stylcs.

CurenIly. s€rcral lcaming stylcs have becn uscd. soch
as Honc.! aM Mumford. Kolbs, Fclder Sit\€rmon L_eamirlg
Style Mqlel (FSLSM). and VAK litl. There are atso Crcgorc.'s
leaming stylcs. Riding cognililc rtylcs. ard Myer-Briggs-Typc
lfticntor l.ll. FSLSM rs lhe most \rrdcly u".i l.o-iig *ijt.
in drc education system. which sh.nts a trigh lcrrl oi reiia-
biliry. inrcmal cursistcn(y. trnll vatidil) l.tl-lltl. This mutel
delines rtudcnt leaming slt-les inlo filua different dinrn\ion\
(Act&c/Refl ecti!r. Scnsilive/lntuilitE. Visualr^y'crbal. Scquen-
tiallclobdl) barcd on sludenr behavior pa[ems rhal use E
leaming systcms [6]. Sludcnts with ir sirong prefcrcnce l.or
a particular leaming rryle nra), harr leaming rliiticultier if thc
tcactung llyle doss not match the rtu&$l.s le3mioe slrle. Ti,
reach.lh_c goal ofcqual cducalion succcrrtully. the dclelopnrcnt
oI LMS is nc€ded so $at they presenl leanine sirurces
with thc contcxl and thc lcarntng pr.\.ess lhd rs sut_rtahlc l.or
tlts sludent's leamtng stvles to tmptu\e thcir perlofllrance.
Th€aclore. tt.needs a uay to clas*ti! lhc lcurn;ng tllles of
each sludenl hy dele(.ting thcir lcamine \tylt}i.

Currcntly, lhe delc{rion of kaming stylcs can be divider.l
into t\ ,o appmrches. namel!,. stalic automatic l3l. Slatic
app(urch rs a lcarning \tlle dclertlon approach that is rlone
b) u\rn8 I qucstionnairt J9l-ll-ll. Srudenls nced ro till our
qucllx,nnllires to idrr ify thcir lcaming itylc. Cunrtr inlr faccdh, rludcntr in thc procc\s ot lillinE out lhis questi(,nnaire
c r tale a long (ime ilnd tcnd lo studentr only haw a tauget
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ol completinS quesli()ni withoul undersbnding lhe purpole
of filliag out the qucsli(rnnaire [41. Students often anN$er
qucstionnairrs with uDr.sp{DsiYcncss. so thc rcsults of dc-
lection using this questionmire tend to be ina{curate Jl5l.
The(efore. the f(xus o[ research using a stalic appronch lics
in thc rcliabilily urd vdidity- of the lndcx of t-eaming Style
(lLSl instruDents.

Thc second approach is autontatic. which is b{scd orl
rrctual hehavior p.ll(ems drring onlirre leaming. The appnrach
is based on personality factoh. hehavioral fa(1ors and time.
The automatic detectiou pr(Ecss ii tu morc lrccmltc. dy-
namic. and comprehensilc than static deleclir)n because thB
intcrc*lion proress is directly recordcd without bcioE noliccd
by lhc pnrlicipanl hy using log lile data and d<res rrut require
{pocial lim€ [11. T*o rneth(xls can tE uscd to determinc
learoin8 styks automlti.ally. [unely: darr+iirn nreth ls ld
literature-ba.\ed methql$ 116l. Data-dri\Er nrelhods aim to
build classificalion modcls that copy ILS iDsrumcnls and usc
sarnplc d:rtn to build nxxlcls. Somc classificetion lechntlues
that are widely used to derect this leaming style include Neural
Ne$o.k I l7l-l l9l, Decision Trce I I. t6l. [71. I20]. 12l l. and
Baycsian Nct$o* [22F1261. The liternturc-b red method user
\tudcnt behavior and actions with thr syslam to identify th€ir
learning prcfercncer. Sonre sturlies that usc a literdturc-bilscd
appnlach include t2l. ll5l. tl7l. 1271. {281. Ttu dcvcloped
melhod uses rimple rulcS sad methqls lo calculale lcaming
styles l_rom the number of suilable inslructiGls and (hes
not involre syitem dcsign. This approafh slill ha\ problcms
in Eitimating the imFlna[cc of urious instructionr ured to
calculate leaming lityle preferences. Also. it rcquircs rome
knorlcdgc ot pychology and (o8niu\e rcicn(c to c\lilnatc
the importancc of calculating lcamins st)_le prefsences.

Bascd on revicws l3l lhL nrosr lridely uscd iubnrated
irpproach mqlel is the Baycsian l,letwork mrxlel. Baycsiiur
net*orks can nalurally rcprcscnt probabilisuc iBklrmalion.
efliciency. and :'upprn to enc'ode unce(ain eipcn knowledge.
Also. Bayesian Net\.o* rnakcs rl Fxsible to mqlcl quantita"
rile llnd qualitatil,c infonnation aboot sluddnt bchatior l22l-
Accordro8 to 1291. in gen6al. the Bayesiar Nctworl is too
complil'aled for smi l data setr aDd is cary to be overlilled-
This problem can hc alilided by usins lhe Naive Bayesian
(NBl altorilhm. The adventagcs of the clNsilicatioD using the
NB algorithn aft that il is casy to build bccaure thc:itrucllrc ir
givcn a priorit),. ar thcr.:ft no lelmillg proccdures. a$ *ell
a\ m cllicient clasrili(ation proc.ss. BoIh of theie advantages
ue ohtained b;_ assunring that all featurgs are indeFndcnl of
ooe to alx)drer. Ho*e!er. lhr rcquirEmenti of eoch nod(' must
tr separnte. making lhe NB rtructure paq.luce loll aacuraq,.
One of tha impn cments in thc a(uracy of the NB litructuae
is to dctcnnine thc appropriate clasr hbel bclbrc classiticatior.
One mcthd fiat cim bc ulicd to Ect class labcli is tha cluslanng
me0l(xr.

Clustcring is vcry suitnble for grouping dat!. *hich cli$s
labcls arc dif-ricull lo ot{arn al the limc of felturc genemtioo.
Many clustering algorilhms are us.d b gcl class labels. One of
thr most usEd clusEring algorithnrs is the K"Mcans algorith[r.
This is because thc K'Mealls al8orithm is casy to implement.
the trme nceded to caJry out lhis lcaming is rcl ivcly f&\1.
easy lo ndapt. and is very suitablc f(x clustcring with a larye
numbe. of groupri. Hou,tver. the K-Mcans Algorithm also

has weaknelises. namcl!,. the re\ults of clustcrinE arc lesr
th8n optirBl due ro the iDitial cetrrroid in the initiali?xtion
prtx'css arc choscn raidornly. If irnplenrcntcd with quitc a k)t
oI fbaturei. thcn the K'Mc.urs dgorithm also has a problem
krurwn as thc curse of dimen$idality [301. Thrrelirre. to
inrprove thc perfl)nnance oi the K-Means algorithm. il can he
dereloped by coharrciug lh! iritial ccotDid sclection pnxcss.

A(cordinB lo [25]. rx)sl sludies d€tecting FSLSM learning
styles group leaminE slyles into eight conrbinalirlns of lcamins
styles. lf obsen-ed from the FSLSLI leitming st!,le model
consistint o( I rlitnension:, *ith cach dinr.nsi()n havinS r$o
.ar.gories. then it is possible to have l(i con$inations of
lednio8 styler. Therel-ore. in lhis sIudy. x rnxlificdim of thc
prop()sdd K-Mqrns algorithm wrs uscd to classify FSLSM
learning slyle mcxlels to 16 grcups hrforc lcaming rtylcs $cre
dcrectcd usilrg clilssilication meGods.

In this papcr, thr potosrd improvenrcnt of the FSLSM
lcnmiD8 styl€ deteation mfircl is cltricd oul hy comhiniog
the nrqlitication of the K-Means alSorithm with lhe Naive
Bayesi.n classilicntiofl erl8orilhm. The dele.tion pro(:csr of
the progrsetl learning style nrdl€l consist\ of four ntth(rls.
namcly pre-p()cessing, which ain$ k) lriurslale the dala loll
lilc to se$er.rl chara(terisrics such $ skills. lflelof knowledfe.
pretireoces. ard leamiof slyles that irc considcr€d to afcct
th. learnin8 Frrcsrs ol sludents dircctly. Thir pnlcess pr(ducer
itr 29 featurcs uscd Ibr the E,ouFinB procesr of thr dalaset
dcrivcd from the pnnicipants of th€ Education for Prufessional
Tcachrrs held by ihe Ministry of Research and $hnology tbr
teachcni of English subj*-l wirh ,'){n data. The s..ood proc.ss
is lroupinE usiac a EEdif€d K-McaN algorithm to obrain

"tuir.. 
irf. fnvm cach tcst data s.t. Tb. fourth proccrs is

to dctcct learnin8 styL$ frofl csch dala scl r6ing tfic Naivc
Baycsian classiication al8o.ithm, alld fin:ily ro imalyz. drc
perti)rmd-_e of he paoposcd ilutomatic leirnlinE slyk dckction
rurxlcl.

This parEr is orEanized as follows. Section : discusres re-
lall-{l work. Section 3 clab()rales the proposed m(xlel. followed
by Scction 4 conlainin8 analysis of pcrformimcc cvalualion of
the proposed modihcd K-Mean\ algorilhm- Findll]. . S.cli(r 5
coneludes this paper

ll. RELATED woRKs

Coilvcntiooal lcarning gencrally uses d ore-to'mary lutot
approrch, where lccturen delfucr rnaterial witkut lurking ut
the ditrjrsily of students' knowledgc, so lhc q)nlent offered
is not optitnil. Onc ioluti(,n lhat can be uscd is lo use a
(rne-lo.orle lut(x approach. bul lhe mclhod can h€ said to tr
imFrs$ible to bc applied lo corrventi(}nal leaming becau$ of
time conltmiotr. The delelopmant of information technology
hil.i an impact oo educ{ion. darEly the ose o[ a Leanrinll
M nagemcnt Sy$tem (LMSI. The €mcrge ce of LMS has the
potentid lo he applied lo a one-t(Fonc tulor apptuach becousc
LMS providcs caly access bv lcalurrrlr and slude[ts wilhout
bcln8 bouoded by time.

karning stllr is an ci$e[tial f8ctor rhal pla!,s a rolc iD
individrol studcnls lcaming in any lcurning emironmcnt. Each
s{udent has a diffcrcnt lc.minE styl. aod diflcrenl $-,r!,s ro
und€rstand. pr(xess. maiotain. an{j und.rsland new informa-
tioo. Leami[g styl€ i\ a \lny for sludents to follow letrning
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eftectivel' and efticiemly. Cuncnlly. there Jrc .l m(xlel! of
lcuning styles thal ai: mosl *idely uscd. namelyi lloft,y aftl
Murnford. Ifulbr. VAK. ruxl Felder-silvennan L;iu.ninF "Srylc

Model IFSLSM l-

lloney and Mumlirrd s lea.nirg srllc m(xlel inlroluces the
cnll(epl ot lexming slyle hnsed rn lhe &-stripli(m ol..lltiludes
and behaliors llrat detcnnires lhe w4! of lD:rmifig prclencd bv
lciuners using lhc Lcaming Srllc euerrionnairc il_Sef lftj.
LSQ is drrigned to lm,esrigate rhe relalive streollrhs ol lour
different lcaming sllle dimensi('ns tiom lloney and Munrlbrd
l.r:1. nanrelr. A(ti\ll\. Refleljtor. Thc()rv. and pr:rgnlalt(. Rc.
scarch cimied oul to delcrnlirc Honey and Mumford's lelrning
style m(xlels f&-uses on lcaming mod*ls. Restarch cooducled
by [-ll] ptoduccrJ a lalid arxl rcliable researc'h queslionnairc.
Likcwise. resec-h conducred h].. l-l:l statcs thar rhe researeh is
sig[iticanl lbllowiri8 rlie principlej oI l.:trnintt srrler propose{.i
by Hoocy and l\{r.rmford. *hich ltrc stalisrically leslcd.

Koibs. the lcaming slyl.. modcl- intrxluce\ rhc L.arning
Styles [nvcntor]'ro idemify individutt leaming stvles {331.
Leamirq Styles lnvcnlort is undeniro(xl ar a tbui"diintnsionil
cvcle consisting ol Concrete c\peri€Ne (CE). reflectii,E ob-
servati(u (Ror, Abstract Conceptualiz{tion (AC), and Acrive
Experirnentatir;n IAE). Rese.fch on l(rlbs' Iearning sryle
ltrc(\c\ on hch3\'r,rr by u\ing lhe conccfl ol eucrfrr-rnnirre
J:l{1. l:151. and lt)! tih I16]. Rc\carL.h conducleJ h] l.Ul
lims to deteel leamin{ ltyles using l(olb's .l-dimensl(}li and
9-dinrcrhional. while 1.151 to detect leanrer's leaminq slyles
in Lllrs aulomalically tlies lhc Naivc Bavesian tcchniquc to
replace the Kolbs' Leirming Styles lnventory (KLSD. Research
conducted by I:161 aims to I]la.ssifv lcamer's learning stylej
bas€d on the Decistrn Trec illtorirhm using lhe lo8 dala file.

The VAK lcanrirrg stylc m{xlel categorizes lcameni. lcflnt-
ing slyles based on thrce diorensions l37l- namel.,..,: Visual.
Aldilo.\,. tmd Kinesthetic. VAK leamioa stvte research is
mosllv xinlcd at Bchar:ior usilg Literatuie 6ase, euestion-
nairr. and Latcnt Semlurtic lndexing. VAK rrchitccture to
dclccts leaming slvks bascd on studcnt trcha!ior osin{ sinlplc
rrrle-based techniques intnxluecd by 137i. Thc rescarc.h aimed
al idcntif]in8 VAK leifnnr-e slylcs wcre caried our by l3lil
using fte De(ision Tlee C.1.5 llgorithm on questionnaire data.
Mcanwhilc. l-191 predicled VAK learning rlylcr using rhe
anificial ncural ncrwork (ANN) nrerhql ir L r..nt Ser;anlic
lndcxing.

The Feldcr"Siherman Leming Sryle M(xl.l (FSLSM) uset
ftc notion ol dimensidts \rhcre each dimension contains
t\ro (pposing categories. and caljh sludcnt has a d(nninmt
prelercncc in each category of dinrnsion. The lbur diNensfuns
o1 the FSLSM:lfe Prffessint I Active/Reflectivc i. perceprion
{Scnsing/Inluiti!c}, Input {Visuayvcrbal). and Untlerstanding
(Sdlucntial/Clohtll). FSLSIVI allows Learninr Stvlc iLSt [)
tr( nteasurcd hxsrd ('n rhe Inde-r. ot Lerrnini irvtc rllSt.
Thereli)rc. bt usilg lLS. \*c ciur link lhe LS ro ihe appropriatc
lcaming 'rhjcrts. The FSLSM lcrnrng sl\lc researi.h mdcl
is m<rsth atxrut brlhavior u\int,! I'S tilc drta uring ,liffercnr
classitication algorithms. Reserch b) [.10] classilies FSLSM
Iearrrrng rtlI:s uring Fuzzy CoSnrti\r l\tapr rffMs). $hilc l6l
uses u€(r\r(!n ti'ce.

_Snme 
resc{rchss also li)cus on tinding appropriale lcttl.rling

stylc m{xl..l\ in t}vls. iocluding {331. by comparing rhrcc

m(xlels of lkrne, and Mumlbrd's leaming slvlc queltionni re.
Koib. aud FSLSM. The le.!t resdlt\ arc mersurcd basr:d ol how
cas! thr quesliolr k) bc undcrslqxt. thr time nccded to lill
oul the qleslionnaire. ard how the results are presenred. The
nreasurcnrenl rcsult:, sti ed (i;|ii d rc\pondents uoderrtdxl thr
ILS F-SLSM Icaming stylc nrtxlel more easily and rcquir.{ less
time tlr&r IIqrcy auld Muorfurd's and Kolb's nreth(x]l WIrcruas
[{li evalualcd lhc idapti!.e E-leanring rvsrem baicd on rhe
VAK learnilg strle uirh FSLSI\,I ftxr had bcen dcv-eloped
tlsing lhc LMS nrq-lel. Bnred on lhe explanati(]n. nk)sl ol tllc
resean_he( mappcd lhc \tudenl'\ lcamine sttle mfiIcl t{r the
FSLSNT lcarning slyle moikl. Also, the rr'suirs of lhe stud!.
llll staled thrt rhe FSLSM querlxnlnirdte mrrlel r*ur r .ier ro
undcrstand arld reeded nrorc timc la complcte the &ssejsrnenl-
Thcrclilr€, lhis studv ussi rhc FSLSM leaming ttyle model lo
;rulonatically dcleca studenrs' leamin-q paltcms- iniMS for rhe
particip rl(r of thc Edueali(rn of Pnrfessiorral Tenchers (ppc)
SPADA Kcmcnristeldikti for teachers of English languxge
subjcct.

Scr.cral lc nring-llllc nxld.ls txne becn intnxloccd. such
as lhe lk)ne!.and Mu ford, Kolbs. FSLSM. utd VAK mqJeh.
bul lhc main problem ot lcaming thrlugh LMS i\ h(nr t(,
iderllit.y stude.ot s lednintr tt!,les tfi r fil the m(xlel. The issue
of l.aming sttle can be sol!!.J usi g two main approachc\.
uarncly. the slalic and aulomatic approachcs l.tll. LrarDiDg
st)'lc detection res€arch using a lilitlic methqj is mosrly used
to m(lasnrc thc rcliabilit!,and validity ol lhe l[dcr oI l,cantinll
Style (lLS) insrunrerr$ tltl..llll. The resulrs ol rhe srurlr
k' Jrlc(t lcamtn! rrlles usirrg a rlrli. xpprorch \ho$ thc
valuc of preference in cach krvr dimensi<n, i.e.. the average
ol earh dinreD:lioD is belo\\ :,{,ii [10]. t.l3i. Thir show-s some
limrtalioos of rhe slatic approach: lhe tilst is rclnted to the lacl
of studelll'r nrotivntioo to lill out quqtli(tnnailer and lilck of
a$areness of lheir leamirl prcfcrenccs.

Thc sccond prot lem ir that filling oul questionnatres is
vcn terlious and talies up ttudcnt's tilDc txqruse lhere arc
urually quilc a lot of irenrs {tn rhe Frls. Thc ttud pnrblcm
is studclts can bc influencsl b1 the wal thij qucstionnait\: is
Iormulated. which can affect s(udcnts in providing the answers
[31. Bascd on thr r,rcirloesses d lhe stalic lurming st).lc
approich. sub*quentlv, many rescarcherr conduetcd rcscarch
usinp tir aulootirtic nrcthod.

Researrh on lcrmins sl\le Jetcclirrn using :rD rutolniruc
approach ntostlt ulies datr-driveD. which is the dat.r log
tiles. Besidcs. thc study condnctcd ainrs to dcterminc t*
trest clalsilication aigorithtn anron! Al-corithm Dccision TrBc
rJ-llr, Arli,icul Ncural Ner$rrr.k. rd SupF,rl Veeror Machrnc
kr dcteLt studmt r leafl nS \lllcs lnto cighl leimins stvle\
FSLSNI l5l. Il7l. tl{tl, 1211, l2:}1. l:61, t.t-ll. The resulrr
of the comparison of thc pcrlbnnnmc of thc cl ssili.ati()n
rlBorithnr to deiccl FSLSM lcarning srllus providc dre Naivc
Baycsian algorithfi lreller lhirn o(hcr Dala Mining algonthrlr.
llori,ever. the Narve Bayesiall algorithn ha,s precirio[ and
!ccuracv yalue$ fiat are still belo\. the algorithm {)f Aniririal
Ncurul Net$ork wift J.18. This provrs rhat rhe classilicarion
uppru.l.clt rirtt [x tcr] uielr'at<. dtpcrrdrng trrr tln Jririlublc
Jala hnprorrng thc accuracy ot rhc il:r\{ihLation m( el can
be done by dctermining the irpproFriate ctass labcl using rhe
cluslc.ing methtxl. Therelirrc. in this study. thc pcrfomiirncc
improvcmenl of the Nailc Baycsian algorithln for dcte(tiru

w\x\*.tacM thesai.or! 6-10 Pagc
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learning ltyles aut(xndlcdllr uliinf an alSorithm tbi groupiog
log lilc data ba:'sl on the FSLSM dinrcnsionr. mmely lhc
moditicd K-Mcani alSorithrn bcforc clarrilication.

lll PRopoUr MtiTn()t)

An onlline o[ the proF)scd automatic lesming stylc dctec-
tion nxxlcl usilg the merling of K.Mc.$ loSirithm nrqlifi-
cili{rn with Naivt Bayr:sian is rhown in Fig. I

Br!{o:Elr|.hrbld

Frt- l. Autmllrt harlrog r.yld dci:(rr(n o{ ti. FoF}!.{ nxi.l

Based on Fig. I tiili rcseaEh pr(rs\ col'sistli ol li[r mdn
steps. namclyl ob:'cn,ation arxl pre-pr**essing, the process
of gtouping leirming sryle nxxlels using moditied K-Me{ns
algorithm. clx\siticatton using the Nane Bavestan altorilhm
aod lestinS of the proposed nrrxkl.

A. Ohsenatiotr and Pr"-ptnc.ssil!l

The purposc of lhis slep is ro get featurcs that corrchte
with the typc of FSLSM lcarning style. This stagc analyzes rhe
data klg 6lc traned on four dirncnsions of lhe FSLSM m(xlcl.
The observrlion pr(r-css \las caried out on {7 hles frotu the
bg ,ilc daltt to detcrmitu: the fcaturcs of the log data lile.
Loglile dirla is formed automatically whcn srudcnts ose thc
LMS system. The $ystem rccords all &clili(ies in Ihc fo[m
of chat, forums. quizzes. arErcises. assigDments. cxaminalion
submissions. fr€qucncy of acccs$int subjcd mattcr. elc. These
i('tilitie\ then forfled the feetun:s. FurtlErnxlR. e{ch lile that
hus featrres that corelate \r,ith l"eaturcs n€edcd wirs soned to
obtain I dirEen$rons of FSTSM- BlEed on thc observations
of {7 tiles from thc log lile data. 22 liles rrc containing 123
liaturcs that nray coEelntc with the fcarurcs of FSLSM.

The prc-pu*cssing rvi$ carried out on f,2 liles from fie
log lile datil by removing:

Duplicalc dau. therehy reducing thc numtEr of rows
atld columns ftom thc data set

N.A. datu for e3ch user id sfurld hiNe re(orded dnta
oo the activitics ofthc use of dE leamutg systcm. Still.
the information is ft)t widcly al.ailablc. so there i! a
lol of incomplele dala-

Rcmores rows of dala fiat cannot be rclaled lo dd(a
nirs ii! otlrfi tibles because thEy do not sharE the
sanrc colutnD.

. Dctemine uscr ID of PPC SPADA parti.ipant$ Ke-
rnenrislekdilli lcachers lcachint English subjects as

much as 5(x) data randoirrly.

The prc-pro<'cssiog pro(eslr resultad 2,9 fcaturcs consistilrg
of 1l dimcnsioDs of proce:ising fealures. {} featurcs ofperception
dinrcnsion. (; liirturc$ of thc inpul dlmctrsion. and i') f.atures
of underrtonrlint dinrl:fl\ioll. as \hown in Tahle l.

B. Tlt Pnxess oI Clult"ting lia inla 9\*lt M*Lls llsing
M ttiJied K -Means Al gori rhtns

M{xlilicd K-Mcans algori$m is uscd to oblain labels from
thc lcaming stylc model for dctcctioD are shown in Fig. f.
Mqliricalions of thc K-Means algorilhm arc perlb.nRd to
detcrminc the dala sct to bc s.lccled es lhe initial cenroid.

The prrxcss o[ cluslering osing algorilhms K-Means can
bc explaincd as folloxs:

TAttl-L ll (()sBr\,rrx)ri,, ISLSnt LrARrir\c Srrr r:\

Clu.trr lxsning Stlle Ou{.r l,{.Imirg Strl€
I

:
,1

.t
5

1
8

lA.S,vi.S€q)
tA.S.\t.Gl
1A.S.Ve.Seq)
rA.S.Vr-Gr
(A.l.Vi.Sq)
(A.LVi.Gr
lA.l.Ve.Seq,
rA.l.v..Cr

9
t0
lt
t:
l3
I{
l5
l6

rR.S.Vi.Seq)
{R.S.Vi.Cr
iR.S.\t. Stql
(R.S.Ve-Cl
( R.l .l'i.S(1i )
tR.I_\t.Ct
(R.l.Ve-S.q)
(R.t_\t-Gr
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| | Eorlr initittli:trion tntl renttuid l.ten inotion pnrcess:
This step is uscd to determinc lhe number ofcluslers (I{J and
the objcctilc function valuE (I'O). This resrarch usts .h = 10
accordinS ro lhe FSUM learning sryle nrxlel grouping. as
sho*r in Table II-

Er c=
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il narlEl.
i! hult:\i.
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))
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))
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I'i8. I }lunheil K'iuqn\ lltG hm\

Th. talu€ of I'O is dctcrmiocd by a 5uflicictrtly high \aluc.
for cxarEplc. l(m. Thc puryosc of &rcrrDioiog lhc initiill value
of l'() is thdr the iteration paocess is nol only done oncc vr
thal the clustcring rcsolh cnn b€ (rprimal.

The next ;tep is lhc proicess of determining *lc initial
cenlroid. This ltcp is the corc ol thc proposed moditied K-
Mc.ans algorithm . Modilications made arc in the pftress of
detcrmining thc i tial cenuoid using rules cstablishctl by the
author [n contruit. in the original K-Means algorithm. lhe
inidal ccnroid dctcrmination is dorc by sclccting h rnndom
data sel.

Thc rules us€d to dctcrmin€ dE initial ccntroid arc 16 data
scrs Dat lle caried out by id.ntifying all dnla scts lhat nEct thc
FSLSM leaming stylc modcl critcria in Table [I. which was
discoter.d lirst. Thc criteria for each FSLSM learrung sryle
mtxlel are auilable in Table Il. *hich was uscd to dctennine
the iritial centruid using thc following rules:

r The lcaming style in thc Prmcssing dimensirn (l)1,)
dctcrmincd by €quation ( I ).

| .t iJ r,t. >.:tu''-1fi it'r,'.t (r)

wirh i ir thc datas.t numb€r i. -,1 is irll Activc lcaro-
in8 slyle category. Ii is a Rcflectir,,e leming \tylc
cateliory, md /'1, is thc valu€ of pretercocc at /)1,
obtained from the equation (2).

Y1, =(!!::-!!- ('t'n 
{2)'j

I'H.EH. and CH : is thc mrrjmum ralue of cach
prcference in lhe hocessint dimcosion. respoctircly.
lh.: R)runr fcalure (]'), E.mail fealurc (6). and Ofl-
line_chat fealurcs lf').
Thc lcamirS slyle on the Pcrccptiofl dim€osi(rl (D?i )
dclcrmincd bas.d on tie cquation (3).

o.r. - [ | r{ {:1, i:l ,r)I/ i/ r,2, <3
triu i is rh€ dataset numtlcr i.,S: is thc SeNing
leaming slyle catc8ory, ,li is an lntuitive lcaming srylc.
:urd l>2, r is the valuc of prcfcremc aI Ir2, obtained
from th€ equation (4).

,.. -r 
ll ll, ' .lH,'Erll,t) ({r

:l

witb thc pNvision ol:

,1r,. 1)

- Ilt,.21
ll(,. ill

. _{t,. I }
. ,lli.2l

)l lt,|,.l)
ll ,ir 1,. ? I

)) Itrl,. il)

ffl. --lfl, ,lnd t.rll r is thc maxirnum value of c*ch
prcfcrcncc il the Perr.eption dimcnsion i.c.. rucces-
sitd-v is the Exall revision fcature (Il), Asses:mant
featurcs (.{). and Exercrs€ fcalurer (U.r).

The haming styles in lhe Input dirncnsion (rr;),)
dctcrmiDcd based on thc equ{rion (5).

D:J
l'i rf l'3i
r'( if I':ri t,5l

with ; is the datasst number i.lri: is a caregor) of
Visual leaming slylcs. l": is r Verbal learring stylc
categor.v. alld ,l':1, : is the pteference va.lue at l):1,
obtaincd from the cquation 16).

,,3, -r'H, -:ir///,)): 
16)')

wiih tbc provisioD of:

,M4P(i.:)) i, maal R(i. J)
or rur(R{,.:)}

0 i, 'no{n(i.:)}
'm.(n{i,t} ir,e.{n(i.:))

ar nc{/r(i.:)}
o ir,..1.!l,l(i.:))
m,{Er{i,:)} il nt@lErlr,

d. ,Nt\E,\i,
o ir,'d,tE:(i.

'n@lr\t.:)J il n@(I (i.:)) = r{i.2)
,r ,urtl{i,:)l = /(i,3)o il ,rwu (t.:)) = n(,.1)

,!@{lr(i,:}) i, m@(.+r(i,:}) = .rr{i. r)0 nwl l',(i.:l) - rr(i.2t
o i, mul.lr(i.: j) = nr(i.3)

^"=i

^",={
tr rri ={

>3
13
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l H o lI H I is the nraaimum !i{ue of ench prel-
eaencc in the Input dimclsion. which successively is
Input_teks fcature (1) and Input_Mullimddia fealurei
(J .

The lcaming slyles in the Undcrstanding dimenrion
(D-1,) dclermined tvasetl rrn lhc equation {7)-

( s, ;t t't. >:tDt'= | i; i i,t .-,i (?)

$ith i is the dalaset oumtxr i. .5e : is a category of
Sequentiitl le.rnirg styles. r; : is a Global lcaming
stylc ci|legorl. and ,li : is the preferencc r.alue at ,)l
obtaiDed from thc equalion (8).

tEltH + LI|.\'tl'), ; : (n)

with the prorision of:
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-l) Culcdttthrll t ntw ttrtt|itl: T'his step is used lo cdrh-
late the value of the new ce[troid by fioding orl lhe avcrage
virluc of dala scls thal becorl€ thc membcr! oflhe cluster using
equation (l l). rl=,,,.r,--. (lll

p

whcre p ir thc iunount oI member$ in the clusler l.
4) Caldtlaring the .listl'n.e tt ed.h d.tta \ct lo a ,t/1t,r' .!n.

truil and r,afurlating th? olri.t'tit,l _fut dio,t r,.lftr.,Jr This slep
is used k, gmup data into clurlers with ftc shonest distance
using the nc$. ccnlmid gener ted in step 3. thc6 calcrtlaterl
lo's !i ue. The calculatbn r.aluc ot l?) is rrbtained fnrnr
lhc closest distarce frum the new centroid betwecn ea(h data.
which rnatch$ lhe clurtcr r(.ulls fr m lh('[rre\iuur ilerdlion.

5l lrct/'IJittint th. &n'r?ryi,! nt litit'ns .r{ tht itt ttit\t
prrxlrr: This step is employed to dclcrmine whsther the
iterarion has conveaged or lunher iteration is requirei. The
K.Maiins algorithN in this study $ras considered couvergell if
it fultilled the follo*ihs l*o condilions:

{

,.aJ(En{i.:))

o

o

t l rtn!lltntt.:)t l:llli,1j
ot ntt,tLRli 1t l]ni,.:l
tI rlnriI.It\;.: ]) I.ll\;.',t:

rI ,ut\L\, :tt I-\t !t
t.t , rtLtt :\t 1.1,.l)

[llll and l- ] is the mnrinrunr lahrc of each
p.efcrence in the Understanding dimcnsion which
successirelr is fenlu.e Exnln rcsuh (f/i) and Lcngth
of stay ir LMS featurcs (L)

Thc rscquencc ofdimensioos ot tuincd in each datascl num'
ber i using cquatiurs l. l. 5. ind 7 lhat is IDl,. D2,. ,,. D-l,l
which thcn ir uscd to identify lcaming style nrodels thnt
c()rresf,ond l(, Tahle I[. The initinl centroids are taken hased on
thc order of Ue FSLSM leaminf stylc modcl criteria in Tatrle
Il which lir:il *as tound in the dataret that the lcilllrinE :rtvlc
rnodel has bce[ idenlified.

2) Calculaling tlre distancc rt each datasa b tha irrilial
L(ntroi.l ,kl qnnp tlw data into chtsrcrt tith rlv chtsttt
tcntroid tlisrtuttc: Thir step is used lo calculale lhc dist{Nc
of dala number , iIi) lo every iri(ial ccnlroid rumber l (.r )

uii g the Euclidean disunce lbmrula. o\ shown in the equation
{9).

Thc urlue of l)r1la smallcr than thc thrcshold \Bhrc
{7') desircd. T}rc velu( (}[ Dl ltr? is thc deyidion of ]-(,
on lwo consccutilc ileralionr. which can bc calculated
using equltion (12).

U ltr = ubsi I Oa - I.()r ) (12)

$itlr ij()8 e\ the new yalue oi IjO and f(r. tus the
old !,alue of lO. lf tbe nerx iteation is done once.
then l-Or call Lre giren ir rcasrmabll' sizcablc initial
ralue.

Thcre rr no change in rlustcr memb€Fihip.

whcrc ./i! distance of data r k) ccntroid on alurtcr .1. , =
1.2.. . . . )r ',rith a is the nunrtrr of datasets. l' = 1. J.....1{;.
and ,! ue lhe Dumtrer of fcatutcs.

Fu.thcrnrorc. Eruup thr dnta inlo cluitcrs with tlle shonest
distance. A data will bc x DrenttEr o[ lhe clusler l if thc
distance of thc dcta k) the centmid l' rs minimal. rompard to
lk)se ol other cerltroids. This can be calculated using equations
( l0).

'i :: .ll,r|{d;r } (l0}

where (, i\ the nrinimum cluster dista ce in ca(t data poilll.
thcn lhc new clurter Drmbcrship is rlctcrmined basecl ot
ccnl()id with tniri,nal distance-

C. Clttssilicotion Pmtess Ushrl tlk Ndit( B./tllJia Algotithnt

Naive Bayesiiur (NB) is the irlEorilhm asriumes lh€re is no
.'orrclation betweeo vlriables for a givcn outpll value. The
NB method is buied on Bryes's Theorem. lf th€re are t$o
separ e cvcnls -t imd I(. thcn Bayes' Theorem is frxmulated
usint equatiur { ll).

,r,{/il.\)-"],|*1,1'.r,,n, rr.rr, P(.\)
with:

,\ r Data with unkno\*n clil\s
A : Dala hypothesis is a specilic class
l'(rfl.I): Hypdhesis probabilily .11 based oll cooditioo ,\
/'(A ) i l'typothesis probabilily ,i
l'(.Y JA ): Probability ,\ is based on ll tDpothesis fi
,'(-t( j : Probability jl.

NB lheorem is a classilicrtk n p(rcess thal requires somc
clues to detcmine the appropriate class ftx ttrc $mple being
analy?ed. Bared on Baycs s Theorenr in cqualioo ( I3t. the NB
theorem can be fomulaled usiDg erloation ( l4).

l,t L .1: l?i rl'th tt.....1.,,t _ ..1'(Ar (l.l)' ,'i rl. .. . . /.,,)

whcre. Ii rcpresents class. ri,,hile \'3riable ,a;r.....J,;. rep
resentr lhe cluc fe{lures needed to classify. Euntion (14)
cxplains th the pmhability of entering a samplc of !-crtain

ft.',, .^,i' (9r

ww\,r.tacsa.thes i.org 6rl-liPrgc
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chardcteristicr rn a cluss /i tp(xlerior). wtuch can also bc
formulared using equali(m ( l5).

yrior. tr/.t ttLarl
,rrut

with pri{)r i\ the opF}alunity for class /i to ernerge t}efore
lhc enlry of fic s.unple, likelihood is the opponunity for
the_ appcariuce of $ample characleristics in tlre'category h.
anrl evidence is en opponulitJ- for the enrergence oi sarnple
characteristics gkrbally.

lfidence valuei arc always lired for each (lass itr one
slrnple. Tlre value of the grsterior will later be compared
wilh lhe \,alu(s of the othcr rlass poxterio, to dctcrmtne
tht sample rh;ll will bc classilied rnto lh. approprirre clas\.
Furth$ clabordtion of the NB formula is donc by erplaining
n {/i. /i. . . . . f;, ) by usirg very hi!fi (naile) aepeoAcnci
assurDpli(rns. Enr.h featurc lfi.l'2. . . . . t',,1 is assunred ro tre
iulqendent o[ cach olhcr. so lhnl cquart{ 6; rypl;"..

t,!I tt.t . l'll ,il,) _ l' ll.,t l'tl't,' t','.r Jt /'tl) = - PTL,) - l,tl.'i tt6l

for i; J can bc fonlulated using equation 07).

/'(I:lI.I,)= P(IilA) (7t
or il cirn trc wrificn rlrith nolalion as iu cquation (lll).

..,(tlr.:.r.;.r:1.....i,,) = 1'(/i)flr,(r;ui) (18)

Bascd on equation ( lE) thc NB thcorcln for tfic clasrilicariorpne\\ cal bc fonnulated using rquauon I lgl.

/' (!I ) - 1' 1r';lr') /' (lll,l].r' il.ilr'). ....I, (!;, I .

( l9)

cquirtron fonnula uscd $.hen clulitcring p(xcs\ \r.as perl(rmcJ
Euclirlean equatioo. citl-blotl. nnd so irn

Tbe malrix for sepat-ntion bctwedt hf,o chstcrr. tor eMrn-
ple. clustcr uumbcr i irnd .,1 usiog the fonDuln Sum ol Squnre
Betwcen Clusten (5S/r) hv rn.JSUring centroirl distancis,.,
and r , au shown in cqunti('n (fl t.

S 58,.1 = I Q;.c,\ (21l

Funhcr, Thc valte of l)lrl is oblaincd from equalion (22).

.A
t)tlr _ iL,,,,,ttt,,t (r:)

where h is lhe nunbcr of.lusleh and li, , is the ralio of lhc
total of $um- of square within cluster for cach correrpondirg
cluster b their lium of square betwecn elusters Mrich ii
formulat d using equato[ {23).

.. SSll. r Ssll'.,i, I _ -___-: (2.r I

Tcsling tlle clarsilicatiorr algorithm in this study in lhis
eonducted using a multi-class confusion rnatrix 146l rr x n
*ith,r = l{i. bcrause lt is uscd to ini }zc lhc alassiliaation (),
IearnirU \tylc dctection conraining l6 clarics. If u\ing a nrulti-(la\\ collusi{l{ matri\. thc k}lal rumtrr r{ trlsa negrtwes
(7,1 ,\r- ,alsc po rrvcs (7 /,1'). and lrue Degalive t7'l \'t lbr
€lrch class ounrber l: will be calculatcd bascd on CelreraliT,eJ
(2.1), (25). ilttd (26t. equatiors. ftrrl lruc posirive (?'7'l, (all))
in thc syslcm is obtaimd through cqualio; (27).

1-r.,\ (i) = f 1,.,. t74l
)-l t,t

'I I t'ttt - L t,, (15,
r= l.,ri

I fr,,7 ? -Y(r1 -

D. Mo.lel Tdsting

A test to &.cogaize the perforroance of th€ del,cloped
metkxl coo-\islr <rf two pn^*csscs. rleveklpcd mcthod they dtr
clusre ng algorirhm talidalion test and cla.rsilication algorirhm
te!.t. CluJter \ahdity i. ('haincJ h) nteasuring the ,.luster result
hared on a \pecific cntena. Cluster r..rlldity meli(di thal are
ofien uscd includc Davics-B.ruldin lnder (I)r1). Silhoue(e
lnder l-S/t. rLhd Dunn Inder tJ.\'t. Clustcr lalidrly nlca\ure
usrd in this srudy is DIII since DllI has a reasrrnably
grxxl performance, which shows high accuracy and krw timc
complcrity 1451.

David L- Davies ard Donald W. Boutdin ( l9?9) inrrqluced
lhc D.lrl malrix used to evaluate cluslers. Clusler rcsultr are
said k) be g{xxl iI the lalue of DBI is as small as possiblt
(non-ncgalive ] 0). Validty is donc ro mcasure how well the
clustcring ts done h) drlculittns tfu quaDtlty iuld !teri\ir[]e
lculrrEs o[ n dfll:r \et bx,ed (]n coll€ston anrl s€paratton ralues.
The cohesion lalrix r Sum ol Square within-cluster rSSW)
in thc i cluster rs formularetl by lhe cquati,rn t:0t [.151.

.5.s ._r.ltr,.,,r t:0r,lt, _

lrhcrc ?,,, is thc nun)ber of data in th€ clustcr i. ., is tlrc
cenlruid of the (.luster i. and r/ir,.r,) is the snme distance

. i00'/i

... ltxt'i

(l(r I

rlli)

(29)

'I'rPil/t) -Llt! \27 t

J=I

_ 
Thc performance of lhe pmB)sed system ir obtalning lhc

relc\.:mt dala rs me:rsurfll u\tnl hcuii,,n (/,t or alxr rlalle,l
fx|tilrw prcdl(li\c \'tluc. whtlc Rccall I /a) i\ ured to nrrasunu
the p€riormance of the pruporcd classitication in gelting thc
relevant ditla to read. The clasr i used to (alculate _l) and ll
for g rh .1.tr i equations (2$ and (:9).

T't-t\ l) -'t'1; t'(il
11'Pfuu)

'17'l1tnll) -'Il \'t i\

The values ol l, lrrd ll iur conrbined into ooc matrix
called F-measue (I-). Thc ,,' is an avcrage vlilue o{ weightcd
harmonic betwce[ l, and 1l- The -[ is calculated 

-using

c.quation (-10).

.. - ttficisiun, nmllt _: 'J i. . l|tf:I . (J0,
pr.r cisiorr + rrcall

!r'w1r.ijacsr.lhesai-org 6,rllPasc
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*,#,,1*.frTlm'"*'# ffir#.Tffjr*,ifJ 
"t:Jl:i.rnc aucurik] ts catculatcd using thc tolknr,ing-cqrroO.rn tlii.

0 rc r tu _o tt*ry - 
-----_IIr'!:1 

)

r h 
" 

_t ddn;;;i:A.i;;-6i,, r\fr 
,

,4. Rcnlts of Clustering LJsi g Modif.d K-M.a s Algonthn

-_ Bastd on thc dara sct of ppc SPADA pfiicipitnt$ fR m
I1:el'ls:cfdii'r.reauhers rearhing engrirrr ruqio ini,tJ
centr(Id data is ohlaincd from equ ion\ (l) _ (i) as 

"hrwnrn ThhlE IIr

IV. ANALysls Atil, DtscrrsstoN

Thc rcsuhs of thc-prc-pro!.crstng prc(lrs arr obrairEd hasr
1r_ y._.gtu lrom PFC SPADA parttcipanli frotn Kemcn-

T::*XI1i :*h.l rea(tunE 
-Enttirh 

subjccrs conrarnrng ._,fxr(xlla. I ne dala sel c(ftsi\ts of 29 fcaturcs. which consixi of :)
fealures lo delermtm thc pneccssrnf, dimehslon. !t fcaturrs lhl
mc l,scaplion diroctrltoo.-{; ferruts for thE lnput rtimcnsion.
allo :, tcaturcs lor lhc Ul'Idcrslatrding drmcnsion. Ear.h fcaturc
conlatns sc\ertl aclivitic$ in cirh learning morlule consisrin!
,"-l-,],_*nl,:t . 

ft. 
. 
pcrfonn:rnce anatysis rrf rt," p,.,po.i

rcarnrng \tytc dcrccrion nrxlel \ux\ tcst.d urints rhi l\iarlab
R:013a pplicarion.
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_ .8"*9 * Table IV, $e chster with thc most rrEmt ersis tlr cluster with Ref,dcrivc. l uirive- Verbal. and ClobalIcarnntt stllcs. Thir shrws that thc panicrpant (,f thc c-
lcrrDrng plotform tnlulvcd lo this sludy alt npstly in rcflcctivc
oo-\cr\.do{rn lesmirrt \lylc typc that prelcn to rhink for thcm-
r€rres i. vrng lrmblcms that are ctrlml] fa(.cd tirsl. pfiicirrsnt\
also pr€ter rtfloratiofl and &, not likr lecturcr thar iniolre
lnrnx)rization and ruutine calculations. panicipants also prricr
to gcl lnlomtauon fnrm di*ussrons and lcarn ctlerrirrjv bvErplirinirt r() orhers. Furthcnn re. panicipanr,, i, ,frl.li*lprcIcr to rccetvc rxftlom matcrial. r., that thc1, can'wlvc
compter probtems quiljkly when the) get thc big picture.

_ 
Te\trng thc .ralirlily of thc cluslering algurilhm ir camed

:11.:,1 ..:_.p*"+ lhe ma_ximum l'atuc of D/rrrn, in (,ra.h
crusrer bet\Icen (hc rkxlifid alForithm wilh thc original K_
Means. 

.The \alue of /t in car.h group tbr .rne erpet'iment irdeprclcd trl FiE. -t.

. . Ba\ed on FiIt. i, the aterage r-alue of /l for thc m(ditic.l K-
Mean\.atgor|lhm is smaller than thr {rriginal N-Mcans. Apafl
trom.rhat. DBI rtuc of dle modified L.M6aos rl8orith; is2.341lo\r.cr lhan thc origirul K-Means i.e. 2.iir. Ba_ced on ls
repctirion. rhc rnodtficd K-Meaos alForithm also shows stableDBI anrl R y, ucr romparcd rr_r rhe'rrnginal K-Mcans. which
nuctuates ln el(h experirncnl. a\ shou.n in Fig 4.

, Tcst resuhs using ?'/,,.r r/rr{r/1It - t).t pnxluccd lhe
clustenng rcsult\ thal rea.hcd a convcrgent condilioh in theIx ctirtlon wilb thc cluslanng rcsults. ai sho*r ln TJblc lV.

TABL[ lV. R[srLni oF (l.r.s,r6Rt\(i DATASIT

:rr.--_----=r:E-.._.=--._-

Ft!. l. Cnr"rrisoo of rtc !.1lI oa ll on -l!. 
(risioit X-!r.,8\,rgo !mrih rh. modati.r, K,[&mr

TAELE III, IlvITI^L cEI.iT.oID oAlA sET

t

6.15 lPage

l-crrnins Ilod.l (bulrr

2
I
.l
5
6
7
E

ll)

t:
ll
t4
t5
l6

t7
,l
It
65
lo
tl
t8
9
.l

:r
7!
39
t8
79
95

(A.S.Vi.C)
rA.S.Ve.Sfqr
lA.S.Ve.G)
{A.l.VrS€q)
rA.I.vi,C)

(A.l.\t.c,
lR.S.V.Solr
rR.S.Vi,G,
(R,S.\,b. S.q)
(R.S.V..c,
{R.1.!l,5at)
rR.I.Vi.c,
lR.l.Vc.Scq,
(R.l.Vc.C)

fi8. ,1. Ti. 6lrlb.of l6rrng ft. lrtue .{ IrA, ,E dE c,gind K-f,l.6dtrxnho sirt (-M6! hrlifra&n

'f{,lat

. . Fig- 4 shr*-s rhat \nlue of I)rI lbr thc original K.Mcans
Algorithm i\ unsrahlc. and the clustcring rertrli frrr each dara\cr irl-\() dltlcrs [(x ca{.h atknlpt. Thir rs berause tllc lillue ofrnrtral centmrdahrays chalge\ rince il is determioea ranaomty.
IIr:n ..:"u*: $e vi iJrry of rhc algori m atuavs ru rmprovi.whrlc.lhr \alue r,[ r)r, trx K-Mean\ algorithm rhar hai bccn
In.xjrocd retnarn\ simila, k) th< clustenn! rcsutt for crch Jau

w\i u.ijacM. thc\ai.org
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!
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rct. also rt drtcr not rhow lrv changc. Thrs reiull show$ that
thc mrxlitied-K,Mc.an.' algorirhm is grxxl erough (ompared t()
thc rriginal K-mrans x' thal thc dria of rhc Jurrcring nrulr
using K-Mcans atgo thm that have bccn modilicd inircscs
th.' J,erfornuucr of the clalsilication rlgorilhm l{) d€lrct thc
l(.arning |'tylr of th€ p nicipimts ot pxj SpADA Rirreldikli
$f tllc EnEli\h lcecllcr!.

ntxlcl if thc clurtcring alg(rrilhrn uscs thc original K.Means
all:orilhnr perfonled h]- rncasuing lhc avcrage value l). ll.
rccuracy vnluc. atlrl F-Mcarurcr rcslcd t() linrcr Thc tcst
results .rrc xhown in Thblcs VI. VIl. Vlll. nnd lX. Bastd

IABLE Vl (1,i ,Ar.lsori rx ORtsl r.l\(,I Ir.\urri lf,.\\t.ft,r(it,
Pr{l(tI()N rn nIIj t,no,rirsliI) lEAtNtr{c sT.tL& trETEcTlox MoDEt_
rlsrNc A t\l()trtlcAr Ilri oF ,fiL K-MEiNs aLcottttM \r t, TIt_

()rk;tNAt x.l.lLA\\B. Clatsifitntin Resuhs usinq thc Naiw Ba:(].siat Algorihtt
Bascd on the test rcsulls from r-)(,0 data s€ts tretwren class

hbeL. the rcsultr of clustcnng uslng thr mqlihcd K.Mcans
algorilhm thfl 3:'F ool of .',tL dtta (;l. ti(l?; t havc predicrcd
clarser thrt cqual to the c(rrEct clais. In c(mlfest. ihe class
lab(l\ lhxt arc rlffererrt fronr the prcdi(.tron rfsulls llrr t.l2
dau 12x..()r[ ). The precision and recidl y.rlues arc shown in
Trblc V.

TAaLE Vll. C()&?,lrtsrlN oF Tllri AlEr^c€ R[(,AIr REsr:tTs rtr Tllri
PioPost-r! l_tlaNtii(i slyl,E oE tEalt0ri Mor,..I_ lAtN(i A M()oltjt(A1fttii

rr: TltE K-l.lErxs .{Lc(rslt f,i utTll rllE (iRt6tNAL K_NtEArS

TAgLE V. fi! \^LU[ or prEctstori ai\D r!(.alL ll{ tra(,}t cl^ss

I
:
3
;l
5

1

8

l0

t2
t-1

ll
t5
l6

.r0.00

+1.1,1

1(Ir.00
45_45

t].05
(,rr-:3

56.51
5t.7?
8t.tt2

tu).m
61_64
85.tX)
8{.38
$.u)
1t.23
8t _00

ltx)

l}s(rhri.rr
larrniqg SlJh lio&l

R.caA tPt
t'1j,)t

(A,S.VLSo{}
iA.S.VL(;i
(A.S.lt.Seq,
(A.S.V€.Cl
({l.vr.Srq,
(A.l.V!C,
( A.l. V..Slq )
(Al.!t.cr
(R.S.Vi.Seqt

{R.S-V.Cr
ilLS.Vc. S.q,
(lLS.\A.Cr
(RI.Vi.Srq)
(&l,vi.C)
(Rl.Ve.Sq)
{RLVc.Cr

70.J9
t00.00
8l _rl
75.38
90.00
761-l
lt3 tl

r(x).{x)
rm-00
5(' rxl
15 ll
69 ?l
8lt ltg
65.E2
n5_.26

I;lttLl Vlll ( iarhrt\,'r , 
'r !r. $r*.v.r D \t lll \r I t\ tl,x ir

,\. r r R.\( )'in. I lll t.topr'sl r, LliaNNti sTttt DElEcttotr M0D!L
tr llNC A r{r )l)lFtc aTtr ,\ (rp Tfl r K- MEANS a!(ir)f,tTlM $ trlt r xr.

orfitii,\L K.}l L.\i s

TABLI IX. CoMp^rrs.,ri oa avr:,(aoL l:,M[^sl,a! rEsT Rtst.LTf, fo*gl,ol{ slD LEAiNINC STyt-E LrEtECTtr)ii &oDf,Ls us!\c yoo$rc,$toni
oI; rBE x.M[,aNs.t!_oo*tTtl \rtTH IllErJtlolNAL K-MEA:{I

;l.09 :rr .l:i

Tabl. V shows rllc averagc l, is il.Oq,l. ehich mcaos
that l}rc l€rrl of accuracy of th€ ddl!'ction information of the
lcaminE slyle m{dcl dcsircd by the uler wilh the answc.r given
by the pnynred modcl is quire high Whilc rhc arcragc'valuc
of ,l ir 8l).237. *trich sho$s the pe.formamc of th. pr.rpoded
Irxxlel is quite g(xxl. ab()ve 707. Table V also rk ls II ;f dre
16 clasr lcamrng style mrxlels hare rdue ,l highrr rhan 7t)2.
which rncans 7j-,ri ot lexmiS sllle of the coui,e p{nicipanlr
Bere successfully detect.d usilg a combirEiol of ltlodiocd
K-Mcars algorithm urirh NB classilication,

The pmFxcd rnellxxl sucessfully ct.$rilics each FSLSM
leaming style mulel quitc $ell_ This cm tr seen fnrm thc
ar'crage value ofpreciskrn rurd re(.all. uhich ilr tlmost balarEed.
and the F-Measurc lirlue is 7r').:lti,Z. which i$ higher thnn ?(|i(.
Thr a('.uracy of dlc pDprtsed model i$ also quiie g<xrJ, which
is 71.{i7- This ih(*s rhe lcrcl ofsimilarity oi rhe prcdiction of
th€ lcaming sr)'lcs oI PPc SPADA p.nicipanrs of the Minislry
of Rcs.arch. Technology, and Higher Educarion tearhcrs ril
English suhj(ds. rnd rhc leamihg \tyles m(drl is quite clo\(

Thc pcrformancr: of the propo\.d automalie leamint slllc
delccrk)n mddcl is cumprred l; thc l(aming srlle tteiecrirrn

on lhe results of llsting tlle alerage rlluc of precisiQn. rerall_
a!cuB(y. nnd F-Measurr'as sho$,n in Tahles Vl. V[l. Vlll-
irnd IX can be seen thar the use of ! muJilicd ol the K-Means
algorithm lo fbrm labels beforc classiticatlon has increased.
This skr$s that chrurlics madc lo the K-Mei,rns algorithnr
impto!r\ lhe p(rforman(.e irf rhe lraming stylc d(tccti{r; mqkl
\rhcn u\ing the origirral K-Mran\ xlgorithm. In adrlitiun ro rhr
increasi[g pcrfornanca of lhe propo*d rnelh(xl. the average
vrdues of prccilion, rccnll. accuracy. artd F-McasurE also d;d
not c'han!e. [t sho$s if the Frformancc ot thc telhniquc of
learning stylc delection proposed has stable performtnce.

V Cot\(.Lrrsloi-

!r rercaruh su,lcccded in huilding un nulomali( lcam-
ine stylc &lcction hodcl usinS a combioarion of K-Meos
algorithm modification wilh Nsilr B.JEsilD. Based on lhf
tcsl rcsulrs, lhere rs a nxxliticati(D of th; K-Mcans algorithnl.
which is used to form labcls ort lhe lcaming force direction
rv.nlcls pruptrsed rn this stud! can imprurc tlE parlomurce of
grouping the data sels \ hen compared lo the original K-Mcans
rlgorilhm. The rEsults ol testlng $c raidll] of rhc nrodrticd
K-lucans algorithrn drc hrtrcr thin the orrginal K-Mean\ algo-
rithm. Bcsides thnt. Oe DBI vatue oB rhc modifierl K-Mcins

*'u u.ijacsa. tlrcsai.olg 6lPrge
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s:x'Lllilt..ffi ,;:ff ':;:',J?il."1'iiJ:Iff 1",;
l.roT sqblc Srao ttE original K-Mcans algorirhm Jo rhar rhc
labels of c&h dara sel do rU chrnSE.

Thc pmFrsed l:iynrng sryl€ dctecrion mod€l h) usiolt a
corhDtoa{ioo of nrodificali(,n o[ rhc K_M.atrs algoritin hcf-lrrc
classrhcrtion.* ,.Tqy:. rhe perlormarce oi thr leamrng
rtlle dclc(lron nnxlcl if tlE lahehng prqc\s uses the origirral
K-Mrans rlgorirhm. fie arcrage prccision and re.lll r iltrcsol the (esl dlta s€t are 71.{t9,i anJ Nt).:r:1.2, \rhl(h me ni
l!" p"n"*",t muJti for deietring tcamins srylel *orts u.rll.
lhe a.cura(y raluc ol'the proposcd model is stlll qullc tturl.i.c.. il ti'.{..*hich rs higher rhun rhe avoage accurd*\ (,t.rhr
lcarning \rllc tlete(tion mulcl rtut ure. rhJoriginal (-Means
algorithm to, rhe clusterinl pn)tcsi. which ,i t;1.r.,1. Thrr
rho$s lhnt lhe lercl of ckrscncsr hetwecn prEdiflronr $.ith lh(
ori8ind leaming sryle modcl ir quirc high.

Asl)an ot futur€ *oA. rhe prllFr!.d nvrtlel alio*.s for in-
crcit\eo aacur li. prectsion. and recall l.illucr hy impn,r.ins thc
pcrformrncc of th( Naive Bayfsian classificalton nrerhoa uring
thc AugmenEd Nruvc Balesrar Trec dlgonttDr oJ Anih(ia'i
Ncural Net*rrk-harerl classitic.rtirrn ulgorithm.

lltl A S. Orsl)ur ad H. g SfilM. .Atr rLj4iauon ot dle tndcr otLcmn! Srll.,lls' to hdoElrln |crru. A ( I,lb{lr6 to hrb\
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