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This thesis proposes a method for solving classification problems. The proposed
algorithm constructs a learning model which is based on K-means algorithm and the concept of
entropy. As the performance of K-means algorithm depends heavily on the selection of initial
centroids, therefore this thesis proposes a new scheme to select the initial cluster centers. In the
proposed model, the entropy concept is employed to adapt the traditional K-means algorithm to
be used as a classification technique. The experimental results have been compared with C4.5 and
LVQ (Learning Vector Quantization) algorithms to measure the performance of the classification

accuracy of the data.
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2.2.1 NUIWI504 Improving the Accuracy and Efficiency of the K-means Clustering

Algorithm [1]
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A5199 2.1 LAAIHANTNARBIUDATUITOITDY Improving the Accuracy and Efficiency of

the K-means Clustering Algorithm

Algorithm Initial Centroids Accuracy (%) | Time taken (ms)
k-means sfL 2P 400\3/1.1 526 71
algorithm 0.1,6.6,2.9,4.6,1.3
(executed 7 7, 32,87, 14,6.7,3.1,4.4, 88.7 69
times with 1.4,5.1,35,1.4,0.2
randomly 7,3.2,4.7,1.4,6.7,3.1, 4.4, 89.3 70
selected 1.4,74,2.8,6.1,1.9
initial centroid | 7.4 3.8 6.1,1.9,6, 3, 4.8, 89.3 72

1.8,6.7.3.1,44, 1.4

5.1, 3.5, 1.4,0.2,4.3, 3 0plmls ) 70

0.1,6.0,3.4.8,1.8

6,3,4.8,1.8,58,2.7, 5.1, 89.3 72

1.9,5.1,3:5, 14,02

5.1,3.5,14,02,7,3.2, 4.7, 89.3 71
1.4,6.3,3.3,6,2.5




A131971 2.1(AB) LAAIHANITNARBIVOINUIVBITO9 Improving the Accuracy and Efficiency of

the K-means Clustering Algorithm

Algorithm Initial Centroids Accuracy (%) | Time taken (ms)

Mean value - 78.7 70.7
Enhanced computed by the 88.6 67
algorithm program

i g o Y o ° L]
‘Uaﬁdlﬂﬂ o9an03 mﬁumﬁ]aﬁuuﬁua ABINTHUATTULIUNGY k

2.2.2 NWIIF04 enhancing the K-means clustering algorithm by using a O (n logn)

heuristic method for finding better initial centroids [2]
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M151990 2.2 LEAAIHANITNAABIVDINTUIIBITBY Enhancing the k-means clustering algorithm by
using a O (n logn) heuristic method for finding better initial centroid Feuiey

AUdanes Ny NfSoNeUAY K-means 1182 Enhanced K-means

Algorithms
K-means Enhanced K-means 28n03 ﬁmﬁﬂu?ﬁﬂﬁ
Data Sets UNAUD
Accuracy Time Accuracy Time Accuracy Time
(%) Taken(ms) (%) Taken(ms) (%) Taken(ms)

E-Coli P 64 81.5 48 81.5 40
Breast 96 68 96.2 56 96.2 42
Cancer

Thyroid i3] 60 82.3 56 86 52

L o

) Ed
Yo una danes MuRTUITeiineue Aasdinuadungy k

2.2.3 @m‘%i‘)’m’%‘m clustering for Classification [3]

miatsiivanes nusssmstanguun e saumudeyaidudumuresnguioa
Tugdoyavinalna nSeumsusunsquiten siisienzBoadil
~ o o g A W o o q & w = = T
wisyiundmae e lgdmunszuumsnagenszul Inold s sanoTiulaun
1. Fist K
2. K-means
3. Farthest first
4. Bisecting K-means

5. Expectation Maximization
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Nominal Numeric
Simple Naive Bayes Linear Regression
Complex Logistic Regression M3
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224 J]u‘aﬁ'ﬂlém Fuzzy Clustering and Fuzzy Entropy based Classification Model [4]
aATotieruenuusiaeemsiuunysznnlngld Fuzzy Clustering and Fuzzy Entropy
merfiulsz@ninmuesnnugndesl#3Enss miudaduly ensemble methods ) o1 51ui1n
Uszinndoya @15 UMM Pattern Recognition TaufiswazBoaduolUi
1. AnnuanulusnFnvesnaia (Class Membership) Taald Fuzzy C Mean

HARIAIENNITA 2.2
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Jo = e Xiig uff DF (2.2)
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Hij= ——=— (2.3)
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2. U2 Fuzzy Entropy ¥a3tayananun Auanldainamnish 2.4 dail

H(x) = — Xjoq wijlogap (2.4)
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3. U1 Mean Fuzzy Entropy
3 Aa = [ = = 9 =
4. fviualdveyaniinneu Instiiosnnanen Instlinaes (Mean Entropy) 1¥13Ju Core

U

30 Easy Ensemble

5. fmualitayanfisou Tnsilnaniiauou InsTinde 1T Hard 3o Boundary
Ensemble
6. ﬁﬂﬁﬂu%ﬂyﬂ‘ﬁﬁhu msuvsninds s Tagly SVM (Support Vector Machine Classifier)
7. 39U Classification decision 1At 14 Mean rule
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MITNN 2.4 UAPIYAVDYATIUIUNITNANDIVDINUIVE 09 Fuzzy Clustering and Fuzzy

Entropy based Classification Model

Dataset Featers Instances

WDBC 30 569

WPBC 32 198
Parkinsons 21 197
Inoospheres 34 351

@ ey

agUwamsnanos dannugndoelagls 10- Fold eross validation /5 suiiisudy 35013
¥ al o a P =) g . é. = d,; 3
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2.25 9143981599  Model using K-Means Clustering  Algorithm  [5]
uitsilausuuuiasamsswunlsznndeya iovinnsanzoimad 1 umsiay
= W o a8 A Y J @ — . . = @
mutie Tagl¥oansdnumiiuiiunuen . Probability Density Function (PDF) 1/3auifouny
M3 NYazYBIRaNa Ha1laRFU Probability Density Function HaA493@uA15H 2.5
[C

F(X) = \/%e 20’ (2.5)

% Aodaya
M o
I ADANRAY (Means)
6 ADANDEALULIATTIU (standard deviation)

foyn 720 15AADA 5 LBANTIAIA
1. Outlook

2. Temperature

3. Humidity

4. Windy

5. Outcome (play): yes or no
STUﬂH‘aﬁlﬂﬂTiﬁ%}TQLLU“}Jﬁ']ﬂﬂﬁﬁﬁ‘ﬁ

3 Y| A o ' ) = oo o
k., ﬂ"lHuﬂ!ﬂTHM"IEILWBﬂ']ﬁ’lfl'lu'}ﬂﬂﬂqlliﬂﬂmﬂﬂﬂ LBANIUIN outcome

1
=

2. dayafiilud iy hilvirasaw, aupde, Mdnndvauuanaiigu Iag

HUIRHIDANS 1A outcome
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no
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[ ar 1 aa o
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1. WﬁﬂTiﬂﬂﬁ@@iﬂﬂﬂ"l‘iﬁ"lu1Uﬂ1h§ﬂﬁm2ﬂﬂﬂ'lﬁ

Overall accuracy 77.36 %
Precision 85.63%
Recall 91.63%

2. waminaasalaoldsanes fmafiusummlszmns aiuefa Probability Density
Function
Mean square error 29.69%
Root mean square error -~ 5.45%

Mean absolute error 39.58%
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compact Tep jon of the dats st Then the chusificton

Alglmin Yecruze of b officiency sud reperiar ’uﬁmus.

, the pordy o K lperithm depeadc
Beavily sn die selection of imiciok comsreits, This FAPIF propeis:
= sxeasion to che arigimal K-memm: alparithm emsbling i te
selre clanificades problema. Fiew the semapy stmcpt i
vaplayed te adapt the tradisionsl K-means alzecithm ie b mied
st a clusificstion techaique. Thew, tv improvs the porfarmance
of K-manns algarithm, 2 sow schims ra 1olect che mitial dmter
comters is propeaed The propesed madels are taned on 1ovee

tochaique 13 apphed te clasify the suwmmmanized data tet.

In this study, o sew clusificaticn algerithony, whick are
tased oo e concept of K-means chuneing 2lporim snd the
concapt of emropy. av mopond Tie  clwsification
performance of the propossd methods s svalnsted against the
kamag vectar quantization necweek, which i ons of the most
powarfl nearal nenworks.

'I‘hmtfi&pwp:uwmduﬁﬂna mwﬂ

beackmrk data see from tha UCT mackine lexrming repexi
Erpormmrucal rovshs heve shewn that the propamd -ni-iz
outporform the barming wecesr quancizviies srewmck m most of
dhe tmnnd dare 0.

Jadex  Term: = Data mining, Kwewss alporithm,
Classsifismtion, Ko )
I DiThOERCTYS

Tam clauification is ope of 8¢ fimduzental probleos

ma;fbmﬁ:nm as describad by {1], &8 2 process of
finding a model that describes 2nd divtingushes data claswes,
for G prrpowe of baing sble o me G modal to pedict e
class of objecns which class bbal i unkoown. Thars are meay
chassisication techmiques dat bove beon wied thms far such 1
Decision zoe, Newzz] etworkis, Support vecior machings, ad
Baywiza merwocks [2]. This poper focnsws oa 3 nipe of
chanifcamicn model that iv bawd cn Kowms chstering
algorithm. K-means is the most popalar clusteriag alporizeen. It
& very sfficiat and vary easy o implament. Basides hems
used 25 a clustering reckmiaue, K-meams hes 2lio besn adapred
for data clamsiSication Two mam problems of K-meam
algorithe are that (i) the membar of chusrars i needed 10 be
specified befors running the alporithun, and (8} the qualiey of
e resulting clustars depends beavily co the wiscton of mitial
cantroids. Mamy researchers, such as [3][4] have wied w0
cvurcans the shov probleans by introducing efficiant methods
for velecting the initial clusne canters. The sxparimental results
shew that their propowed algorithms produce betar chustan
1eqs computation time than e oripioal K-meony algeritus,

For classificetion, Fumes ot al. [] proposes 2 modet for
predicomg the probability of the outocmne of sach clask by guing
K-mems chtvwring algerithes Fvamy ot al 6] proposes a
Famework, called Chuwmr chuifier. In Clusee classifier, K-
marzs oF othar chustering algorithoos ane med fo summarios 3
brge data wet by ming e chuster controids = care 2 wem

U785 4RTI-IS60S1 1531 00 T01 3 IEEE 1652

the origmel K-mews aigorithe and
learing vector quastisstion sstwork, Ih.mdllpmhm
a prosented in secoom IO Section TV descrbes e tosmd
benchumark problew: and discuises the vxparimental resuln.
Finally, secticn V it fa conchusioms.
I BAKORAMD
A Kameans Afgormhs
Emean 5 the most famous clustering algorithm. Tt
moups & 3et of 0 date points dore K chuskrs wing Buchidoas
disance as the rizslaricy zossure. The smps of the K-means
algorithos are dsscrived 4 folloms:
L. Arbitramily select K initial cluster cenmrs (Z,, 2o ..o 2)
From the mpux dan.
2 Asuim each dats paterm x 1o e chuster € to whdch it s
tha moat sizilar.
3. Wheo ali input data kx; besa auiped, wpdm e closter
camtems.as foliowy

f-a Tx, o

whare o, it the sarber of duta beleaging o thuime G,
4. 1 e stopping citerion is aatisGed, terminate tha loop. If

20, 70 to-smp .
i Learng Fresr Quannsanon Neneord

Laaming wector. quantisation {LVQ) setweek [7] is 2
spocial ease of e Kobooen wlf-orpaisiny meps. LVQ 152
supervised competiive neunal petwork model in which sach
cutpzt pode Tepresents 3 pasticudar class, During traning, the
cutpat node whose wetght vecter most clowaly matches the
Taining inpve parsen is chowa s the winnas. If the winumg
node has the cormect class label, its weight vector will be
meved tovard the inpwt parara. Howwver, if it beloags to the
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wroag chiss, 13 weight vector will be moved amay Eom the
fxgrat patiem.
T Paedirsen METHODCLOGY

Tads papar inwoduces mvo new classification algporithees.

M:htsmm o based on the concept of K-

described in Secton I Besides the K-means
dmm;:m&,hﬁmaigmﬂmumb}s{hcmpuf
aatropy to allow R-cwams to be wed a the classiScatiom
slgonthm.

Since the performance of K-means depends heavily ca
initizl salection of the chuiter centars, the method of arbitranky
salocting the initial chuter comtors will not Hkaly lead o tha
dusired remlts, Theredors, the secend algorithos preposes 3
sow way of sslecting the inital camers that produces mere
promising results.

Tea dotadls of e too propessd algorithms we described
inzexr

A Algortdhn §

Tie following i the procedure used in trmining the
propasad Algorithm i,
L. Selact the initial canters

Dofine the mitial mombee of clustars (K). In this research

¥ i chosem to be squal to the mumber of deta clayses foa). Then
randoealy select K initial chusse canrers {x,, 2y, .. ., 2} froon the

gt dany.
3. K-means cluskcing

Assign sach input data x; to the chiswr G to whick 1t s the
closest. The distance barwean the inpur data x; and the ceater of
tha cluster C; i1 calouiated by wsing {3},

7 - wginfis, ) ®

f-v
eI FHE I e e T i &
e

‘whete 3, 35 the cemrsr of the chuite €. Q) is e dirwnsicn of
e inpur data,

After msigning the datz points to the clostens, K-pwan:
clustaring is performed cn Se dan set to obtxn K disjoint
chustars.

3. Measure the purity of the chustars

The prgity of each cluster & devermized by it samopy.

‘which can be calenlamd by

=
G ~-TRleq, B (%

Fak
whars P, is the probability thar a= arbimary data poiot in the
chutmr C; belongs so the clasa i The chuster whoss satropy is
greater than E, s split into xonaller cluswmes. The center of sack

(LE4]

sesaliar chuaes 1 calculated 25 the mern of all the input dena
‘belonging to sach dama claas,
4. Tarminasion cxiveria

Stept 2 and 3 are ropeated wwil one of the wermination
Critecia is xoat.
3. Measure the sccuracy

Tis clusiScation accuacy is calculated i the rato of the

omzhar of correctly clasiifed & to the total mumber of
imyances in the test set.

Astign the imput data to
the closest cluster

v

Purderm K-z chstsring

Sl the chistar

Fag 1 Faorwehart of Algoesihen |

8 Algortihen 2
Algosithm 2 is an inprovement over Alporithm 1, which

Tandomly salects the initial cluster canvars froom the inpat daca.

The mwrs sfficient methed for selecting e initil chuster
cantars is imtrodnced in tis algoritim The foliowings are the
details of Algecitim 2
1. Salect the inurial centars

Toe first tak &6 to select the initil cenmars, whick ts dooe
as follows:
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3) Dufine the initial mmber of chumrs (X). In this
researchk, K is chosen o be eqmal 1o e e of datz
chasses.

b Nornalize the mput dam to 2 value berorsan [0, 13

¢) Divide the mormlized imput data rangs dnfe N segmsats
LT TREE R % 3

dﬁmm:hm first wwibute, count the mmmber of
den poinrs which Ye I each erment Thea the
mmaﬂnﬂm&m&:ﬂmm&ofwm
of mamhers,

&) Salect the top thres ranked tegments whose o least one
mexhrs belongs 1o class 1.

fj For sach of the three salected segmexnts, calculnte the
a0 of the mumber of membecs in chiss 1 to the numshar
of mamhars in other classes.

P o

whare & it the menibar of dam belonging to class i
Tieu te segmext with S hrpet mto vehe &k
salecied Mext. the 1alus of the Sret atabute of the frst
clustar cenmr i defined 21 the averags of members of
e selocd semmant.

£} Racnove the solectod sagmoot ia step £ from the ranked
B,

b} Contizms determining £ vakoes of the frit attribute of
the chumes 2, 3, ., K by repeating steps o througk &

am:wsdmaﬁ;mmmmi

After fnishing this seep, the center of sach clusr wilk be
idantifed
1. Asign the dan peinm to the chustars

Assign sach mpur dery x; to tha closest chume by using
{2). The distnce betwian the input data x and the conter of the
chuster C; is calowarod by using (31
3. Measure the purity of tha clusters

To measurs the purity of sack cluswr, caleulate the
sotropy of each chester according o (4% The chuter whose
satropy it greater than E fv plit inm smaller cheuters. The
cearer of sach smaller chuster ix calealated 20 the mean nf all
the inpwr daea balcoging 1o sach dam class,
4. Terminaticn criteria

Stops 2 and 3 are repoated wtil one of the termmation
criteria is sacisfied. The termainasion critaria used in this work
are the specified mavinmm munther of fecation: and the
acceptable antropy value.,
3. Msasur do acoaracy

Tie classificarion accuracy is caloulared as the rath of the

orsbar of correcty classifed i to the onl mumber of
tances in the test set.

854

Select the miftial cluster centers

le

e

Assign the inpm daty o
e closest clusear Split the: chuster

Fig 2 Farechan of Algrothm 2

IV.  ExresuMental BEsULS

In this research, tha proposed algeridum 1 and 2 were
benchmarked 2g2inst the learning verior quntizatom network
(LY. The experizoents wure conducted on 7 dza sens fom
UCT machize leaming sepository [§] mamsly Tris, Wine
rcognition, Haberman's svival, Heart diseass, Babuce
scale wedzht and distance. Vehicle slboustrss, and Pima
Indizo dishete:. The heiaf descriptions of the abeve data sein
o a: fellows:

1. The Srat daty set & the welldoows s dua. The wpal
langth, tepal width, petal Jearh, and petal widh of 150
Inis flewsny Sem 3 spacion (Ia-satos, Iriv-vemiceles, 2nd
Eriswvirginica) are measured in cenrimeters and are med 23
the iopur of the problem Tha aizing se coumins 120

racords while the testing 16t containg 3¢ records.

2, Tha second dal satis the Wine recoguition data. This data
it the resalt of a chemuical azalysis of wines grows in the
same regicn but fom three difforent cultivars. Thirtesa
comtinucus arpibets are wad to determine the nips of
wine (class 1, 2, or 3} In this papse. the 175 instances
tha datzhase were randomly divided inte a maixing st of
90 tmitances aod 3 testing st of £5 instances.

3. The third darx set is te Haberman's sunvival date. Tads data
sot contamns 306 zase: Fom 3 wmdv thxt wos conducmd
betwsen 1933 and 1970 = the Univenity of Chicago's
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Bilker: Hospitl om fhe survival of patients who hod
atribures are wied to prodict the output class (L ex 1). In
this papar, the dam was drvided inw a waining et of 114
exazples and 3 testing wt of 82 sxxmples.

4. The fourth data set is the Heam diseass problam The
problem concarns the prediction of the absence (chiss 1) ar
proseace (clws 1) of beart dissas given the rosults of
varsows medical tests carmied out co 2 padext. This data wet
containg 13 sttbutes 2nd 270 records. In this paper, the
270 records in the databess wece randomiy didded into 2
taining wet of 137 records and a testing i of 137 recards.

3. The fifth data sat is the Balanco Scale Weisht and Distance
database. This dam st mms  geoersed oo moodel
psychological axpsrimants. Each example i clmaifed a0
having the balmce scals Hpping to the nght, tippiag to the
iaft, or being talamnced. The ioput data comsists of 4
cumsarical sttrbutes; Lefi-weight, Left-distancs, Right-
weight, and Right-dismncs. In this papes, the trainng 6t
cantains 313 examples, while the tostng set coutaing 312

sxaxples.

& The sixth is the Vehicle Silhomettes data wet. Toe purpose
i oo clesxify 2 given silhouetts sy coe of forr opes of
wahicle {3 donble-decker bus, Chevroler vax, Saab S009,
and Opel Manta 40C). Eightesn featzes weee exiracted
fom sxch of e silbonets. There are a total of 344
pamems in the dam et In dhis papen fe day wms
randomly divided into  eainisg s of 424 axaople: a0d 2
wating setof 421 examples.

7. The seventh data sat i3 the Pims indiany dizhetes dztabaze.
mm:;mmm:mmmam
posiive {class 1) or pemathe {clasc €) for disbetws:
according to Weeld Health Organizstion critema This
database coutains 68 sxamples. Each oxample i
dascribed by 8 namerical atcibates. In this paper, the T4
axazxples in the dambae weze randemly dnided inrm 2
training et of 384 sxamples and 2 teting wt of 354
exaples.

In this paper, we conduckd 2 sets of sxperiosents. The
first swt sonphaizes ce rewedling e performance of
Algerithim 1 while the second et focuses ca Algorithe 2. For
wach data sat, Algorithm | i3 un 10 gmes. Each run starss with
3 differsan imitial set of centers. The ety of
Algerithx 1 in classifving the abons 7 data sets e showa i
Table I It can be wean From Table I that the performance of
Algorithr | varies with the initial set of conters. This ki o be
sxpacted a5 Algorithm 1 ix significantly based o E-means
slgorithm, Despite of the above iwme the avwge
pmﬁmma oo the 7 rese wets in wrm of the clasifcation
accuracy is quite propsiting.

Tahie T illestrams the best clanification accuracy on the
wited data 4513 obtrined Fom Alporithm 1, Algorithos 2, and
LVQ. For Iris dum, all thrve algonithm: ave able 1o obtin the
parfect classificodion accwcy. For Vehicle silbeustms daz
md Pimo Indians diabews, Algoritm 1 comes fine in the
competiton. The performanca of Algorithm | s better than
the performance of Algerighzs 2 by 166 and 49%% for
Vekicle ailbousttes dama and Pims Indian: dinbetss,
respactivaly. The of Algorithm 1 s betier thao
the performenca of LV by 1135 and 2.34% for Vekicle
silhonettes datz and Pinsy Indian: diabemws, respectively. For
Wine recopmition. Habermaz's sunaval and Balance scale
weight and distance, Algorithm 1 comes out to be the bt
xmong e compared algerithms, The pecformancs of
Algorithm 1 is better than the parfonrance of Algorithes 1 by
135 635, ad 160% for Wins recomition. Haberman's
survival, and Balance scals wwighe and divonca, tespectivaly.
The of Algorihm 2 i better than the
performance of IV by 1.7, 1571, and 0.52% for Wine
mecopninon, Habermaan™s sarvival, and Balance wale waight
and disnnce, respactively. The Heart dwase problam is the
only dat for which LVQ atiaim the best chasification
accracy while Algorithm 2 comet wecond.

TABEE)
EXTERRGNTAL HESUILIE OF ALCIRITH |
Acrersey

Expetiwwnts Wiew Habwermen's Buelaner scale wi Yamlc Pims ladium

e i g iban warvivak Haart diseane amd :ﬂ:mw Hwen fina heabwinn
] [ETH [EIT TRon [T [EAE T TR (NG
£} O Taio0 TEmL [ETEC] AL LTS T
§ wnl Uil anlr R [ GPes Gk
# ) omeit T i WS [ 1 RiEL {3 &% 1 7433
! [y Lwidi) AxEY K148 Ghasy IR [INTEH
3 L6 [FICH [ (IR PEFE R 1 e
7 TR TH167 REH TR T Aty W [EiEH
3 TABY PRI AR IRIE] TR icH T Tos fzw
¥ [ReL] DFind Ui LEI48 Rt 0A%ss
10 [ [T RN [ aar i
Maswnias L)) f%i6) i RALE filde i Rt 11 3985
Mserrs e ! EEITH LR DR UTRAY 117404
e [N nFine [FaTy AL BN [T EEETH
1) TR T oo PETETY TIO3RIT ITGIESTY TR oo |

B
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TARIET
COMPARATIVE KBS T8 58 ALGORITRM | AT GORITHV S A8 | 4
ATCRUBY

o) Algerithn | | Algotbm 2 | LVi)

|_ire i 4 ]
i rie ymgmrein fwiad [ 13 M543
'FJ:;T:%mz [E55Y [T R
et discans [T (3555 AT
Halwice mmﬁm Aidarae R [IETEH [FEE
Soctueie shouctioy R RN £ AR
P ndue shabedos [ 41734 [ r)

V. Com{Limanus {71 P Tea M Sowbwck, and ¥ L, Snvodacaon o Dan Mowng,

This poper pressaits tev Iaw lesrming modeh for
clasificadon talis. The prepesed medels s hased oo K-
mwni:i;_mﬁnznd&lmqtafmnyyhhwmd
pedals, the entropy comcept i3 smploved to adap tha
raditicns] K-mwans algorithes to be awed 20 a classification
tecImique. Moredver, o inprove the performances of K-meamt
algorithre, 2 zow sches to selecs the inidal chiter camers &
abo propowd The pafuoaoce of e e goposed
algorithoy is measured in tarmes of the clamificarion accuracy,
The experimental retults thow that the propowed appeaache:
porform borur thax the lsarning sector quantizarion netwock
mest of de wuted dan velt.
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