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Clustering Algorithm for Data Mining
using Posterior Probability-based Information Entropy
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Abstract In this paper, we propose a new measure based on the confidence of Bayesian posterior probability
so as to reduce unimportant information in the clustering process. Because the performance of clustering is up
to selecting the important degree of attributes within the databases, the concept of information entropy is added
to posterior probability for attributes discernibility. Hence, The same value of attributes in the confidence of the
proposed measure is considerably much less due to the natural logarithm. Therefore posterior probability-based
clustering algorithm selects the minimum of attribute reducts and improves the efficiency of clustering. Analysis
of the validation of the proposed algorithms compared with others shows their discernibility as well as ability
of clustering to handle uncertainty with ACME categorical data.

Key Words : Data Mining, Clustering, Bayesian Posterior Probability, Entropy, Rough Set

1. M2 W, FH 2 HE& JRE Folfjo] o]& Ve ® 3 &
& 3Hmodeling) & &3te] AAAC BAlSHE JH=E
dlojefrtold 2 Weheh o dlolHel EAsh= A, aeio) mslapgolala wal 2= glt) o] ¢lo)e] oA}

Received 6 September 2014, Revised 6 October 2014 © The Society of Digital Policy & Management. All rights
Accepted 20 November 2014 reserved. This is an open-—access article distributed under the
Corresponding Author: In-Kyoo Park(Joongbu University) terms of the Creative Commons Attribution Non-Commercial
Email: fip2441g@gmail.com License (http://creativecommons.org/licenses/by-nc/3.0), which

permits unrestricted non-commercial use, distribution, and
reproduction in any medium, provided the original work is
ISSN: 1738-1916 properly cited.

Journal of Digital Convergence | 293



dio|EOloldS {IEt ARSE FEHAEZD| 7|H 2L D2E
ARS Y3 ARFE BAPoaH F2E ARE g o2 EAZC IS RE HolHE oz Hiolu
%o dlolHE Adehe 9 star JJon dFH B FFuAl AFH AFEEE ol &5te] fAEE AR
A7} FgaA mulglolx o] 7px] o AMREo] ol Ao Fueo) i) whAE = gIri{1]. wEhA
7t} B3] g mddo s JAPAA Y (decioin - AAH Q] HolHE 4 AFEEE /AT 4 glom,
tree), 37154 (regression analysis), &A1 (artificial WA S BEAAAS WEEY] wFd gAbAA Ly
intelligence) ¥ Z&12~E ¥ (clustering) ¢ YtH1l. &  Fo= HAo|EE E4st= o] a7 ot} o]t
H2RE S fAE EAS AW 2 e Aafoer B do® Y ZF e roughnessoll 93 HWFE tlolE
sl 2oz 2o Exjo] B (Class1f1cat10n £ £38}= Minimum Minimum Roughness(MMR) &
rule) ¥ AR AU diolEel A3 gho] gle aLg]Fo] Parmar ©f oJste] AFE ATHT] B8k o] &aL
$oll HgHc) o9} 22 FHAEHY LaESodE 74] 252 Tripathy o 9ste] of2] 717 o]d A< dlolH
=4 daglF(hierarchical algorithm), #& <3glE & & F %S Minimum Mean Roughness(MMeR)
(partition algorithm), ““:7] Hl A 12]&(density based 2 #IE 13, ©]= SDR(standard deviation roughness)

algorithm)®} ZAz}719t &38| F(grid based algorithm)
o2 BEFHH %iﬂ—i—% 242k9] A % (metric) S 7HA
o At olAAA HolHE 2
(granulle)®] f-AFSH dlo|E]=9] 3] o3t S
NS Fotd Rdg ) BAS 5T 4 vk nehA
2 dolglel tigk dTE &
37re] frabdol digh vzt vl golatr] wlEel
B2 A7} o] FoA] gt JiangS A FdH olH
(gene expression data)[2], Mathieu ¢} Gibson < A}k
Foll &gk JAAAA 2~HES AFSATHL
Hhde] WHEYY] dolHe  thA =g (multi-valued
logic)& 7HA17] wiiel &3] A7t EA8HA] %71
ol M dolEE AFat] 3 dugsoRE
Expectation-Maximization, K-means ¢} Fuzzy c-means
dare]Fo] AT Eek FEsH S 7Nke
2 e dugsEe®  MMR(min—min robustness),
STIRR(sieving through iterated relational reinforcement)
7} Rock(robust clustering using links) 5-©] A<kE 1A
4], 8 2EzEe] AT GAEA] 7] wie] &5

al

o, F

mlo

FHAH diAE o] &

4>

A A (uncertainty)-& X 2]ake= dlolE ol o] . E
3 HAH T (fuzzy  seb)S o83 LdugFo=E

CACTUS(clustering categorical data using summaries),
Fuzzy CentroidsE o]-&-3+ Whgo] JA| o]t W

=]
58 Gy oM E(stahility) 9F o]& <Qlgh AIZHE
= (time complexity) 7} dl 4= ojo} staL o] &2 &
A A o] Bgk v k53 BebAvs BAE R o
= A7 H5]6].
P

el whebA AR 24971 (analysis algorithms)

4

¥} SSDR(standard deviation of standad deviation
roughness) &2 45t} T3 SDRS 7|Hlo g &
A7re] F 2 % (significance) 9} )&% (dependency)E ©]
43k SSDS(standard deviation of standad deviation
significance)2} SSDD(standard deviation of standad
deviation dependency)”} A9F= $AtH11,12,13].

B =i AE wolAAd 4—?‘3‘}2 S 7)o & o

ARG olgafe] WEY dolElIA FaF AR
L e
£ S400) FREE ATHE RS AR dER
5] oz gelete] &47ke] WEe FYAIA Ho]
B Rustud

o) 23N E BZHFe 1B S o
1 3N el A9l Bl o] ge BAFEA A
sh= W} el F e A 4gelAE A9
W3} 71 stel Hls-918 Agsheln 534 AR
& gen
2. HIE

7190 Ryl 223 Abgel A 9 =ae A
AXE4 (deterministic)o] 2L 7 &3H(precise) Hl©]E17}
ARgE oI gIT) o) ek o] o mA Qlojo] YRE
7122 &t] EAgE AAES 1 AA S g &
3 AR S0 Aol & o, 2 E7FsE A7 S

8] vhelolt), olela A8 B7bsw WAVt HEH
oge] Sl BAGS ol F; Uk BE | 4

294 | Journal of Digital Convergence 2014 Dec; 12(12): 293-301



Clustering Algorithm for Data Mining using Posterior Probability—based Information Entropy

s AAEY H3E 71834 /W (elementary
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AE7tE By BE5(CCr
credit card insurance promotion)9} AR (S: sex)Z A

sof 9k

insurancne life promotion),

(Table 1) Parts of Acme Credit Card Datasets

obj.\attr. MP WP LIP CCI Sex
1 yes no no no male
2 yes yes yes no female
3 no no no no male
4 yes yes yes yes male
5 yes no yes no female
6 no no no no female
7 ves no yes yes male
8 no yes no no male
9 ves no no no male
10 yes yes yes no female

WA Z+ £4 g = 1,..5)°] hatel PPE™7} AAkE

duelse T2

A (9l 9fste]

of Atk 24 (LIP)ol thete]
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a) MPdl A& LIP

X(LIP=oFJ 2 |MP=0}12) = -5/10 * log(3/5) /
(-5/10 * log(3/5) -3/10+log(3/3)) = 1.0

X(LIP=o1] 2|MP=2l) = -5/10 * log(2/5) / (-5/10 *
log(2/5) ~7/10%log(2/7)) = 0.3432

X(LIP=elMP=°12) = -5/10 * log(0/5) / (-5/10 *
log(0/5) -3/10%log(0/3)) = 0

X(LIP=A|MP=o1) = -5/10 * log(5/5) / (-5/10 *
log(5/5) ~7/10+log(5/7)) = 0

(Table 2) PPE clustering algorithm

1:  Procedure PPE(U, K)

2. Set current number of clusters, CNC = 1
3 Set parentnode = U

4: Loopl:

5. If CNC<K And CNC#1 then

6 ParentNode = ParentNode(CNC)
7  End If

8. For each ¢;€A(i=1,,n) Do

9: Determinate [XJivp

10: For each ¢;€A Do

11: Calculate PPE(AC:NDj)
12 End For

13: PPE,™ = mean(PPEa{a))

14 End For

150 PPE™(a) = min(PPEZ™) // i=1,.,n

16: PPE™ = min(PPE™(a;))

15: Determine splitting attribute a;

16: Do binary split by a;

170 CNC = number of leafnodes

18" Go To Loop 1

19: Procedure ParentNode(CNC)

20 =1

21: Do until (<CNC

22 size(i) = count(elements of custer i)
23 i=1+1

24 Loop

25: Determine max(size(i))

260 Return (set of elements in cluster i)
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4.1 &do| &l chst
ACME dlo]E]e] diste
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3>5-H <Table 8> YeRALE 7]
Lol wE ZF £ A7 gro]l FY
ol &9 wEE S WoEge
AEe] defe] Sel2Hol g £add &Y
S(purity)7} BoIR A Fo] AIRFEFE(time complecity)
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iil 1] Lefurignt [z Tabs Position
= 1 Shrink Tabs to Fit| o0 0o
[ custom = [ Alphabetize - -
TILES DOCUMENT TABS
Clusters
L 136 cell
1 2 3 4 5
1012345678910 |1x2cell x4 cel [1x8cei |x16ce 2
< >
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[Fig. 11 Clustering of PPE algorithm

(Table 3) Roughness of MMR algorithm

. Mean roughness Min
Attributes WP | LIP | CCI'| S | roughness MMR
MP 075 | 09 1 1 109 1 1
WP 1 1 1 1 1 1
LIP 085 | 09 1 1 |08 0.85
ccr 075] 08 {08 | 1 | 08 0.8
S 0.9 1 1 1 09| 1 1

(Table4) Roughness of SDR algorithm

MeR(ai=a) SD(ai=a)
Attributes| MeR MeR SD SD SDR
(@=el) |(@=°M| (@=<l) |(a=°r2)
MP 0.825 1 0.2046 0 0
wpP 1 1 0 0 0
LIP 0.950 0.925 0.0866 0.1299 0.0866
ccr 1 0.07 0 0.1871 0
S 0.95 1 0.0866 0 0

(Table 5) Roughness of SSDR algorithm

. MeR(a=a) SD(ai=a)
Att;b“t MeR | MeR@-| SD | SDla- | SDR | SSDR

T | @Ed) | oML | (@) | o)

MP | 085 | 1 o] 0 0

WP | 1 1 0 0 0

LIP | 090 | 0925 | 00866 | 01299 | 0.0866 | 0.0346

carl 1 | o7 | 0 |01 o
S 0% | 1 |oms| o0 0

(Table 6) Roughness of SSDS algorithm

Attensb“t o Sﬁlg; ﬁcacng’ < |Mest@)| sps | ssps
MP |02 ] 02| 0 | 02| 015 |00866

WP 01| 0 | 0 | 01 006 | 006

P | 02 | 0 | 03] 03| 02 | 012300639
car | 0 | 0 ] 03|05 0z |o2i2

S |01 ]01]03]|05] 05 |0166

(Table 7) Roughness of SSDD algorithm

Att;b“t o Izifndegg < {MeDta) SDD | SSDD
MP | 0 | 005|002 0 | 0017 00206

wP | 00 0] 01 0 |o

LIP 003 | 0 [002| 0 | 00125 |0013] 00074
CCT [ 003 | 0 | 005|004 | 003 |00187

S T 0] 0 0 |00m]| 0006 0007

(Table 8) Roughness of PPE algorithm

. 3 Bayesian posterior entropy
Attributes WP TIP cal 5 PPE
MP 03463 | 04142 | 04957 | 0.4957 0.3463
wpP 0.4985 05 05043 | 0.5098 0.4985
LIP 03114 | 03358 | 05015 | 05015 0.3114
ccr 04037 | 04238 | 0438 | 0.4902 0.4037
S 03262 | 0.498 05 0.5043 0.3262
4.2 Yne|Ee| 2tz
M2 B Yte] B =Fo e B E(divide
and conquer)& o] -&-3sto] Ztzte] daE|Eol webA Al
Hol Bog 8% AE <Table 9>E <Table 15>
7] YERISAT ol & B0, MMR oA e &3 A
Hol & ke 71FOR RAEYL FHeh= oI
A 9 A FUT @l ol A e
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o0& F&H} o7|4 235 gte] H4e]
wg e Mg 7W1 w7] el Ee
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{MP} - WP} - {CCI} - {S}) °laL, SSDS °llA&=
(WP} - {MP} - {LIP} - {S} - {CCI} °]aL SSDD
AMe {MPy - (WPy - (LIP} - {CCI} - {S} |t}
Aerd WA= {LIPY - {S} - {(MP} - {CCD -
(WP} olt}. [Fig. 19| PPE &ae]&o] o3 B3Ax}
£ HolFrh

(Table 9) Clustering of MMR1 algorithm

U 1,2,34,56,7,89,10
Ist 47 1,2,356,89,10
2nd 25,10 13689
3rd 368 19

(Table 10) Clustering of MMR2 algorithm

U 1,2,34,56,7,89,10

1st 47 1,2,35,6,89,10
2nd 25,10 1,36,89
3rd 1,389 6

(Table 11) Clustering of MMR3 algorithm

U 1,2,34,56,7,89,10
1st 47 1,2,35,6,89,10
Znd 25,10 1,36,89

19

ad |4 ]7] 200

5 368

(Table 12) Clustering of SDR 1} SSDR algorithm

U 1,2,3456,789,10

1st 368 1,24,579,10
Znd 8 ‘ 36 24,10 1579
3rd 4 2,10 7 159

(Table 13) Clustering of SSDS algorithm

(Table 15) Clustering of PPE algorithm

U 1,2,34,56,789,10

1st 2,35,7,10 13,689
2nd 47 ‘ 2,5,10 6 1,389
3rd 38 19

4.3 SHAEC| =Fx

w3 ANE AT Ag FY2EHY SAHARP
purity) £ 92l 2 2E(C: cluster) 2} B Zf o
AE wlolE e HA vlolE o ek vlE= Hostrt
wEb A A AZ(TP ¢ total purity) = oHe-3 2

c
P=3Pii)/ C 13)
i=1
Pi) = cluster(i) and its class data
! total data

A% {(MP) - {S) - (WP} & £40] L3 3h& 7HA
v2 3 79 Z§og Qldle] M7 2 13 4

<Table 9>, <Table 10>¢} <Table 11> vFERATE
A Ao FEAL Boto] obgdre}l #A7F WA}

= p gl

b @ 4 ek EAEE ¥ HWH(an)Q} A A7 G3rd)
o 2o ste] ZPaAn AL FAEE T
ok 581, MMR o A5 $49] $93 gl oJ3to]

0.840001 A4 0.7074A) thekst
© = [Fig. 2|15 &3t &
obel Wy

0] 07885 AA| Aol £A 57} s3] MMR

U 1,2,3,4,5,6,7,89,10 jus
Ist 248,10 135679 o] BotAg 495 Ashd 7|Ee] wyel nlste] Al
ond 8 \ 24,10 36 1579 okl o] 58S #9214 ATk
3rd 57 19
(Table 16) Puroty of MMR algorithm

(Table 14) Clustering of SSDD algorithm C1 2 purity
U 12345678910 clusters 2nd 3rd 2nd 3rd 2nd 3rd

— cluster 1 5 3 3 2 5/8 3/5
1st 256,10 1,34,789 cluster 2 0 0 9 3 1 1
2nd 2,510 6 4,7 1,389 cluster 3 0 2 1
3rd 210 5 7 4 ] 1,39 2nd, 3rd 0812 | 0.867

Total purity 0.840

Journal of Digital Convergence I 299



dlolE{otold=

93t NBEE

(Table 17) Puroty of MMR algorithm

Cl C2 purity .88l i
clusters 2nd | 3rd | 2nd | 3rd 2nd 3rd osel J;\!\ ]
cluster 1 5 4 3 1 | 58 | 45 oodr” N ]
cluster 2 0 0 2 3 1 1 ' \
cluster 3 0 2 1 £ .l \ 1

2nd, 3rd 0812 | 0933 3 °f 1
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