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Tab. 1. Properties of the Experimental Data

attribute value

financial year | continuous from 2000 to 2011

{NSW, QLD, VIC, WA, SA, TAS, ACT,
NT}

state

{Administration, Aids and-appliances,

All other medication-s,

Benefit paid pharmaceuticals,

Capital expenditure, Community—health,
area of Dental services, Medical-expense tax

expentiture rebate, Medical-services,

Other health—practitioners,

Patient transport-services,

Private hospitals, Public health,

Public hospitals, Research

broad source

) {Government, Non Government}
of funding

{Australian Government, State and

detatled source local, Private health-insurance funds,

of funding Individuals, Other Non government}
real e>'<p'end1ture continuous from 0 to 6838
millions

Financial year= 3|A|AEES oJu]s}al state= 35
o] QS onFt}. area of expentitureS o] FH &
o] ojtjo] A& HIAEAE gHEH

28



IIIIIII“7

719 1. Kernel Filtering & dlo]E|9] W3}
Fig. 1. Data Changes after Kernel Filtering

3.2 Kernel Filter 2}d

E =7 A Ho|HE Kernel Filterg o]&3k] A
A2 & stk Kemel Filter= A 22 doiy F3&
st A7)de oldd FUT AT A2H
27} 200tk o714 7 I~ 29 g2 7)E A~
H2 g o el A2 vk W™ BrF Aot 9
ok 71% o8 BE e Hto] 0 7gA wEke
o} 2 AR A Kernel Filters £3+ Axe 7
S EoH HolE el B7] £& s FHE Wty

6.12& ARg3)
47418 AZe] 7]
ojth. A3l AHEH HolE & ¥ 54807 F AH&-3HTh
Aol webA AbgEol A
=9 T7HE EUE 14 F845 st EM ¢
12]&3 DBSCAN ¢85S &
Clusterings 53 A73H& AES d=3)

3[3], AH89 dHolHe 35
29 health expenditure.arff

3.4 A3 Zn

2182 health expenditure Blo]E]E 7]¥+O 2 real
expenditure million £4-S o= Mg &4 &
VEFLo R oA A LinearRegressionet EM ¢

TE&S AR e, doly 33 elE numcluster
(TH NP S 3072 Fof iyt o 19
X A=el webrd DBSCANS 43 A%E Yeh)

AL o Tl A EM 2are|Ee) 49 AHE ve
AT
|£| Weka Clusterer Visualize: 05:02:44 - DBSCAN (healt.. = O

¥: financial year (Nom)
Colour; Cluster (Nom)

« | [ real expenditire milions (o) v
w  Select Instance v

Clear Open Save

Plot:healthexpenditurebyart

||

1% 2. DBSCAN ZA#sl#
Fig. 2. DBSCAN Results Screen

Clas

|2/ Weka Clusterer Visualize: 05:21:22 - EM (healthexp.. - ©

X: financial year (Nom)
Colour: Cluster (Nom)

v | ¥: real expenditure milions (Nom) iv
v | Select Instance v

Clear Open Save

Plot:healthexpenditurebyareaandsource_dusteres

e e
‘SoemRC- 3t oaE e

o

Hmx
Bomm
mamamzace
momen:

Class colour

clustex( clusterl

I% 3. EM A#3H
Fig. 3. EM Results Screen



ME|AH, ®5H 2=, 2015. 9

4. WL EE
4.1 &3 Zu g}

ol T FHL PN AN EH EM &
n#ze] A%E vepit. ol 1%-¢ DBSCAN &
ne)Ze] Aotk

Model and evaluation on training set
Clustered Instances
{ 41%)

[ 45%)
{ 13%)

-
£
.
£

[ I e )

263
484
733

Log likelihood: -14.23448

a9 4. EM ¢uEE A%
Fig. 4. EM Algorithm Results

ofel IRlM HH 7o) ZF o= vl I
T & 2263, 2 o= 2484, 3 -"rLF{JOH—L— 733
he} dlolE7E 253 Hof So7t A= e ' 7
Atk

Clustered DataObjects: 5480
Number of attributes: 6
Epsilon: 0.9; minPoints: 6
Index: weka.clusterers.forOPTICSAndDBScan.Databases.SequentialDatabase
Distance-type: weka.clusterers.forOPTICSAndDBScan.DataObjects.EuclideanDataObject
Number of generated clusters: 0
Elapsed time: 1.81
1% 5. DBSCAN ¥ae|&e] A
Fig. 5. DBSCAN Algorithm Results

olf] oA HH FE2EFo] dH tlolH
SBAE F7} Lhe 1 attribute?] 5, AHEAH A<
72](Epsilon), 4 EJAEFE 50| YA Hrh Health
expenditure?] GlolElZ A¥d AFE o) 1P
o] Yepdith

30

X: real expenditure milions (Num)
Colour: real expenditure millons (Num)

Submit Clear Open save -

I RRRRPRRNRRN
. RN RRA R

2005. 5

T E— -
o 838
2418

19 6. Health Expenditure 23}
Fig. 6. Health Expenditure Results

9 a9e AmuE 2000d 2k 20109 24k
A7 ARNE AEL v 4 9lon, DBSCAN &
VEEY EM €385 45S 59 tlolHo o
ato] £4313t) o5 &3t
Q =7} AA AL ol 2 A

.
o
2% AT 5 Yok

F

o
=

s

5. 4=

=i

HIoll= 179 o] U FaA HHA b2
BollME dlo|HES WalshA 7FAa YA 9

SOk, SHHEel § & A4 BHE B
o] glo|HE gislA AFgE o)A
of ZAH dlo]e{ ¥yl ojz} E}%
3 A5 FEIA AL T 59
7] YAsted dlojEjnteld HOM Hlg|o
S Zhspita Qi) kAT HloE vt
HesHA o dagFo] g
Gt Aot} metA B =8 oA dolH
%—4 DBSCAN &318]&3} dlo]Eujo]
oMol EM ¢3g]E9] A

al
o

zz
&
S

E
o

Mr oo i (e orlo
ﬂJ[O l“-?ﬁ F_IE

o
12 oo oy

l‘ll‘
LAY

.
it

rlo

B 2o

Aol whel

T
N
-
nj

A
}]ﬁ:—

ol & tﬂ;;}E Health expendlture
Agdlolee] AxnE 7wt BAsATh o



HO
1x

r2k

(=] 28)

[1] Doddi, S., Achla Marathe, Ravi, S. S., and Torney,
D. C. (200D, “Discovery of association rules in
medical data”, Informatics for Health and Social
Care, 26(1), 25-33.

[2] Hosking, J. R. M. and Wallis, J. R. (2005), Regional
frequency analysis: an approach based on L-

31

moments, Cambridge University Press.

[3] Kirchhoff, W. H. (2012), “LOGISTIC FUNCTION
PROFILE FIT: A least-squares program for fitting
interface profiles to an extended logistic func-
tiona)”, Journal of Vacuum Science and Technology,
A 30.5, 051101.

(4] Malefaki, S., Trevezas, S., and Limnios, N. (2010),
“An EM and a stochastic version of the EM
algorithm for nonparametric Hidden semi-Markov
models”, Communications in Statistics-Simulation
and Computation®, 39(2), 240-261.

(5] Palaniappan, S. and Awang, R. (2008), “Intelligent
heart disease prediction system using data mining
techniques”, 108-115.

(6] Witten, I. H. and Frank, E. (2005), Data Mining:
Practical machine learning tools and techniques,
Morgan Kaufmann.



ME|AH, ®5H 2=, 2015. 9

X 2 7 (Yong Gyu Jung)

Aestn, AAmste, A7 st meA 22 shay, A4, Haekel &
ASsAL, AA AN RITrARE S I wE A2 Folth ISO,
UNS| 2AA R} FRENDOE B O, 24N, AT,
EF% 5ol Semantic Web, Process Modelling, ebXML &2 %+
7€) Hgol #Ao] Bt

% o Xl (Young Jin Choi)
Aeaiety A9 AIGEAE Bttt 19959 FE 20063 71A]
S A B ZS AN FHAFLOE HRA 2], F RS 757

ITAIT AW~ 59 Q58 32 23959t 2000358 = &xv)sta
o RAWET RasE AF Fol YoM, Fo BARoE IT Avy,
BEEER (ZEE M=

8 3| (Byung Heun Cha)
k

Fristaol A ojstuba} 59)E A5
0595 E SA sk w5 A 9
A% §474 245w 7o) Be

32



Clustering Analysis of Effective Health Spending Cost
based on Kernel Filtering Techniques

Yong Gyu Jung* - Young Jin Choi** - Byeong Heon Cha***

ABSTRACT

As Data mining is a method of extracting the information based on the large data, the technique has
been used in many application areas to deal with data in particular. However, the status of the algorithm
that can deal with the healthcare data are not fully developed. In this paper, One of clustering algorithm,
the EM and DBSCAN are used for performance comparison. It could be analyzed using by the same data.
To do this, EM and DBSACN algorithm are changing performance according to the variables in Health
expenditure database. Based on the results of the experimental data, We analyze more precise and accurate
results using by Kernel Filtering. In this study, we tried comparison of the performance for the algorithm
as well as attempt to improve the performance. Through this work, we were analyzed the comparison result
of the application of the experimental data and of performance change according to expansion algorithm.
Especially, Collects data from the various cluster using the medical record, it could be recommended the
effective spending on medical services.
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