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ABSTRACT

Various data analysis methods used for customer type analysis are very important for game
companies to understand their type and characteristics in an attempt to plan customized content for
our customers and to provide more convenient services. In this paper, we propose a k-mode cluster
analysis algorithm that uses information uncertainty by extending information entropy to reduce
information loss. Therefore, the measurement of the similarity of attributes is considered in two
aspects. One is to measure the uncertainty between each attribute on the center of each partition and
the other is to measure the uncertainty about the probability distribution of the uncertainty of each
property. In particular, the uncertainty in attributes is taken into account in the non-probabilistic and
probabilistic scales because the entropy of the attribute is transformed into probabilistic information to
measure the uncertainty. The accuracy of the algorithm is observable to the result of cluster analysis
based on the optimal initial value through extensive performance analysis and various indexes.

Keywords : Information Entropy(BE <E=Z3]) K-modes Clustering(k-5= 33},
Categorical Data(®85% ©|o]€]), Similarity (A=), Uncertainty (&3H214)

Received: Dec. 18. 2017 Revised: Jan. 30. 2018 © The Korea Game Society. Al rights reserved. This is an
Accepted: Feb. 5. 2018 open-access article distributed under the terms of the Creative
Corresponding Author: In-Kyu Park(Joongbu University) Commons Attribution Non—-Commercial License
E-mail: fip2441g@gmail.com (http://creativecommons.otg/licenses/oy-nc/3.0), which permits
unrestricted non—-commercial use, distribution, and reproduction in
ISSN: 1598-4540 / elSSN: 2287-8211 any medium, provided the original work is properly cited.

Journal of Korea Game Society JKGS | 105



M

AAA ol

=
=

7

jze)

.A
4r

EBER

HA ol

she

g 273

o] 7heA]

EBEE

A

]

Hdol e 7} e e}

ol
N

bl %

o

| 8 %]
(soft weighting)% o]

A B

2} 3]

=
.

el

i

N
Ho

<A

E 7}

3T

4

shlel 971 4

Z

HARE

o

7+

3=

T

~

A},

SH|

7t
(hard weighting) ¥ oAM= &

ol =

H]— A

EEEDEN B

o)

Eisls

of %

gl

5

ol
ol

W

i3

5] Mok wekA o]y
el EWKM, LAC, ESSC

S

PN °
ThaTHes &

1 T (clustering)S E3+ dlo]g wloly

= =)
‘:‘—*O

o

R

°ol&

dlelE el o

©
=

A A

1

oH

dlole =

L
T

]

O

qe AAm

Ar
B
4K

i
o]

P AG7E o] siuH89l 2

3|
S

ofvl

%ol

L
.

el 7

Ex
=

= ol R el

B

1=

3

=
K3

4ol 7

E
=

b HER Abgwo]

s

L
L

1 sl owA Wkl

Ll

“BEE

# 8}

ol

ol

il

1=}
24

go] &

ol
7E

15

A5}

ol
o

™
.EH

Hlolel whol

3
T

by,

ol A4

it

=0

H

7HA

s

zke] wlojEje] =

wjr

)

shA] ekl

hal

3 dlolge PEE 17

ek g

al

—_
1o

be g

i)

ol AR

s}
s}

EBEE

AT

4% AEAe

]

o 714

%4 (attributes)oll o

ek

CER R

HoH3,4,5].

3
s

JojoF

;Of

N

o

A (categorical

E
=

<X (mixed attributes)

B

=
=

attributes) 2

EREEEE

il

A

g
(uncertainty) & 5743kl

k-modes

ol

&

2=
T

W_e

=z
=]

ol 7o &

dlole =

3

&

N

)

el

9,]

o

Ho

—

(TA V[l

dlole o] JRA| A DT =

.
74

TR

dr
o]

juid

Ho

106 | Journal of Korea Game Society 2018 Feb; 18(1): 105-114



— Extended Information Entropy via Correlation for Autonomous Attribute Reduction of BigData —

A E 2 @A (indispensible relation)+ T334 20|
Ao)e 4

IND(P)= {(z,y) EUX U|VaEP,

{
flz,a) = f(y,a)}
(eq.1)

7]14 IND(P)= Ul tig &
= Na€P IND(a)olth A9l F-EHF P7} FoiA
WoND(P)E HFE dHelHE REs
U/IND(P) = {[xp]l | xEU}elth [xpl7} Poll digt
FEAFE depdth 2%, [xpE (yEU | (x, y)
eIND(P)}olt}y.  [Table 11l AZE  IND(P) ol
(xy)7F &b xo y& Pl gste] Eio] 87}
T3tk

[Table 11> A Categorical Data Set

A %4 a az as aq as
X1 a k n q S
X2 b k n r S
X3 C k n q s
xd d k 0 r t
X5 e [ 0 q t
X6 f / 0 r t
X7 g ) 0 q t
X8 h m 0 r u
X9 { m | p a u
X0 J m D r u
WY dolEdA A 250 s 28
How EFe] faMte ofe HA04 Faa
Agsks A4S FE2T davt ok dx £49
Mgkl oE AR A SAse HEE
JdezdE &48F F Utk meb tedt 2ol
&3 AAE BAE dsie 5 vk
Tk WEE dVeDom(e,) S sce 2 AMYEE
g4 o, (-2 = HA 00 diste] WFER o
S e B8 el dE BE AA Hg5
2 AE)F 2ol gl £ lr15]

@l(a%)) = {xq\qucL and z = a%)}
2= 9l H-¥%Hpowerset) 2 TG =
X3t o BEE FEATS vttt <Table
1>elM @,(s)= A{z,zy,24} olTh

Ve vagel da Fold

Q; (a;f),a,j

)=Ha"Iva,€3,(a), z,=a?}  (eq.d)
<Table 1>°14 a,(s,a;) & {abc}olth TS
ol a;9 a;7F Aol Fold Aol ¢ ecelA
Me] WFE o €Dom(a,) ¢ o) EDom(a,) & A
o] /s WskskE g g VX VN = 2(5)9
ol Ageodt & Qi <Table 1>°1A ¢, (s,9) &

Hay oy I ZA 20]Th

ﬁ’l(ag)aa(f)> - I{Iq‘%qeqm Lgn™= “h(”m Toj— aﬁm}\

(eq.4)

£ ERdAME Folxl WFH ocDomla,) 9
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shtbe]l WFgh o,€48 H4 o0 st 2,())

2 AMeE 35 6 VxA-R & 2(6)3 2o] A
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¥, (af) )
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I, (al)]
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o7 AMYEHE T g AXR 2 A(8)F o] A9
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& (a,)= E B; (Zl-j,(Lh)/IA\ (eq.6)

2;€ 2;

ABHoR ¢(a,)

A& ete q, 9F A¥E BEAA, S AR HiE
< SAgth [Table 2]9lA g(daz;) = 0,
B, (kazy) = 056, B (nay) = 0, B (raz) = 069,

)
By (i) = 001tk ATHOR e/(a) = (0
+ 069 + 0)/5 = 0250tk Z2 WHOE ¢ (q)
= 086, e (a,) =0, ¢(a;) = 025 ¢(q,)
7Y saE dezd Jw Ags
(extended entropy based similarity
EESDE % gecd g3 Fold
0, €49 FAEE FHUT o AE:
Ftel 24 4

Zol &4 A(g,): A-R

i

o o

A (a,) =exp(—¢;(a,))/ EAeXD(* e;(a,))

[Table 1]1¢] A%l A (q)=0.12, X (a,)=0.27,
A (a;)=0.21, X (q,)=0.18, X (a;)=0.21°]t} A (q,)

e;(@,) ol WlEe= As & 5 At e (q,) 7}
STE M) E AAERR HA"Ee
0, €49 TaAol FUFeHAl Hr

gelel Rl
o

i

2

HEEAd

el £l A= AP
(relevance)S NEZIE o] &3le] dolrwy] 9|3}
o geojz A MY EBE(cl, 2, ¢3S 7HHI
cl={x1, x2, x3, x4}, c2={xb, x6, X7}, c3={x8,
x9, x10}. Z+7+<¢] cl=(d, k, n, r, s),
c2=(g, 1, o, q, t), c3=(G, m, p, r, w ©°]t}. [Table
2leA el 2=H LeDelA a9 kel tiste] a2
a; 48 7+ ¥ AR E nE AL B (ka)
= —(1/4 = log(1/4) + 1/4 = log(1/4) + 1/4 =

Fae

log(1/4) + 1/4 = log(1/4)) = 1.3863¢]3 HHH]|
E (kay,) = —(3/4 = log(3/4) + 1/4 = log(1/4)) =
0562301, A%, ;& WFEEo] (a, b, )2 Bt
WEgkol now FAA A Lol
o web alol a3wr} dems gho] 7] W

o ¥ Eebdstvta & ¢ ok 2 4 SA41Le

A o)L g,

=

2
g3gES  1Ed  AdEZET(between attribute
entropy)+= al = 5.19043, a2 = 1.0549, a3 =

15126, a4 = 196617 a5 = 16172905 & + 3
o

[Table 2] Attribute uncertainty by entropy

%74 ai az as as as
a(“d”) 0 0 0 0 0
a(“k”) 13863 0 0.5623 | 0.6931 | 0.5623
as(“n”) 1.096 0 0 0.6365 0
a(“r") 16094 | 1.0549 | 0.9503 0 1.0549
as(“s”)  11.0986| O 0 106365 0

EdA A E|5.1903]1.0549 | 1.5126 | 1.9661 | 1.6172

3.1 5 40| EXiFl JIE=D|

B owRdlAE WEE dolde 2y %
Qah7) skl wWEY dloleelN Qelel el
QA EA U@ 27e] ez 7 e
o] §EREE T3l FES 4] HAE =
glan a8x] @ £ WiAe Sl S
AEZI(E)E tha Zo] Attt

E( ‘Z;,”JH) =—{wt+ X Bila,"a)) (eq.8)
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— Extended Information Entropy via Correlation for Autonomous Attribute Reduction of BigData —

th oole} 22 WhHoR EXd HA49 tE &4
S0 B3 EXE RY T FAo @2
7NEE THE HA4 A& F & A 2EA
R S EAE] widelth weba] £4431e]
gk FFHES THAE SA4S wiAE] 9k
Mg HA40 AEEF] Fxo g EIEHES
o3 2ol 54 4 AUrh

w=—p(A)log p(A)—(1—p(A4))log ,(1—p(4)) (eq.9)

714, P(A) = -m + B3 * r / Nojth. 7]
' m = num(>%1), r = num(=)o|t}.

A71A4 a5¢ Agel E2=H9 4 FAlakcld
A9 A7k 07T el dlsk abgAde] dE
Zyo] BxE {0, 05623, 0, 1.0549, 0}e]t}. o]
gl Z4zrel FAlgke]l abgAdel sk JE=T]
= F(1.0549)0] 71 =

3
3, o (ke A% (. 5623)01 Uruixl
A

ﬂrlﬂl 01)1
Sid nzéé
B 2 oy

AN E 23] (within attribute
entropy) = 21(10)el 93l [0.5004024,
0.5004024, 0.67301166, 0.67301166, 0.67301166]<}
2ol 78 F k. 2w SAY AERIS} £
Aol dERIE AFste] Aozl 2z HA49 d
E=Z¥E= alo] 060762155, a2e] 0.74570245, a3
o] 0.8968547, ado]l 08774428 ©o|iL a5°]
0.89221835¢]t}. <Table 2>ellA 7 &4 <17
£A7ke] dERZT = al = 0.107, a2 = 0.2453, a3
= 02238, a4 = 0.2044, a5 = 0.21920]t}. we}A
£A7ke] $ME9E a2 - a3 -ab - ad - al
o] A2 AA=HUT W
o} AU dERZVE AF JERZIE al =
0.6076, a2 = 0.7457, a3 = 0.8

= 0.8922=2 £Aeo - %
- a2 - al o FAR ZAHHAL
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Input:: A number of clusters k and a categorical data
set U
initialize the oldmodes as a k

array:

randomly choose k distinct objects xj,x2,...xx from

U

and assign [x7,xz,....xx] to the k Xjp—ary newmodes:

and set all initial weights to 1/ 1A |;
While oldmodes # newmodes
for i =1 to |U |

fori =1tok

get the dissimilarity between the i th object and

the i th mode

classify the i th object into the cluster; the

closest to it;
end
end

fori =1tok

find the mode z, of each cluster and assign to

newmodes;
forj=1tom
ArEA of the i-th cluster,
using EIECIap);
end
end
end
Output:: The objects in U with in k clusters

Xppi—ary empty

[Fig. 1] Conditional Entropy k-Modes Algorithm (CEKM)

2112 =A< Hasbe v HZHIE
Aol st et k-modes EaE]Ee HAH

799k 402 TAST W] e

o} F(W(t),Z(tH),A(t))%
Ao g A0 tiste] wwel 0 F
FOM), At), A(t+1)) =
FOMt+1),  Zt), AN(t+1) =
A+1)) ol AAEaL, ofyH t=t+1E 738}1
A AR vk A5 olelg FEH sk(partial
optimization) Fyete= PSS

ZIgto 2 FHe Aoz Y

ArEl WHe s ATyl fste] 719

A& % (accuracy), ARl(adjusted
rand index)¥E=E ®lusle] Hrpegdch Ao
AH&9 dolE&= Congressional Voting Records,
Mushroom, Breast Cancer, Soybean ¥} Genetic
Promotors®|th. o]23t HolE= UCIA A Aol A
o] g3ttt [Table 3]ol Aol dlo]lE e 57d0]
el ok Ao Aotd duEe HE
3}7] $18Fe] Standard k-modes [7],
Weighting  k-modes$} Aote  Extended
Entropy Weighting k - modes ¢ag]Zol thste]
T8 3taAct.

Entropy

& O
/Kalé:-i'é‘

[Table 3] Specifications of the data sets

Attribute
Dataset Turples Classes
s

Vote 435 17 2
Mushroom 8124 23 2
Breast Cancer 286 10 2

Soybean 683 36 19

Genetic
Promoters 106 8 2

, CKola nAlel dlolEE

A Az}

k
Ac=Ys, /UL (eq.12)
i=1
sE £ZE dlole 9] el [Table 4]& 574
1009 d¥s F
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[Table 4] Specifications of the data sets

Extended

Standard| Entropy
Dataset - - Entropy
k-modes | k-modes kemodes
036 0.8 0.8
Vote 0.86 0.87 0.869
0.89 0.89 0.89
Mushroom |~ 7y 0.76 0.74
Breast | 073 0.74 0.74
Cancer | 070 0.70 0.70
0.70 075 073
Soybean | 63 0.66 0.70
0.80 0.3 0.79
Promoters | 59 0.62 058
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[Fig. 1] The subspace dimensions associated with
each cluster on the vote
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[Fig. 2] The subspace dimensions associated with
each cluster on the Mushroom

Breast Cancer
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[Fig. 3] The subspace dimensions associated
with each cluster on the Breast Cancer
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[Fig. 4] The subspace dimensions associated with
each cluster on the Soybean

Zoo
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[Fig. 5] The Subspace Dimensions associated with
Each Cluster on the Genetic Promotors
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