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for the Development of Sasang Type Diagnosis
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This study was to compare the effectiveness and validity of various data-mining algorithm for Sasang type
diagnostic test. We compared the sensitivity and specificity index of nine attribute selection and eleven class
classification algorithms with 31 data-set characterizing Sasang typology and 10-fold validation methods installed in
Waikato Environment Knowledge Analysis (WEKA). The highest classification validity score can be acquired as follows;
69.9 as Percentage Correctly Predicted index with Naive Bayes Classifier, 80 as sensitivity index with LWL/Tae-Eum
type, 93.5 as specificity index with Naive Bayes Classifier/So-Eum type. The classification algorithm with highest PCP
index of 69.62 after attribute selection was Naive Bayes Classifier. In this study we can find that the best-fit algorithm
for traditional medicine is case sensitive and that characteristics of clinical circumstances, and data-mining algorithms and
study purpose should be considered to get the highest validity even with the well defined data sets. It is also confirmed
that we can't find one-fits-all algorithm and there should be many studies with trials and errors. This study will serve as
a pivotal foundation for the development of medical instruments for Pattern Identification and Sasang type diagnosis on
the basis of traditional Korean Medicine.

Key words : waikato environment knowledge analysis, sasang type diagnosis, pattern identification, sensitivity and
specificity, clustering algorithm, data field selection
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ARG 3 9Jo|FtE Q-%(Waikato Environment for
Knowledge Analysis, WEKA)S AH&-3t4th £ AFoA &
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ool 238& A3 79%Y (A 699, A 108)] Ar} AHE
g8t at

QSCCIl= APgelstell 7|ube & A& deie] Ad dy
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1) Sel7lE A4 &AM 37 (Waikato Environment for
Knowledge Analysis, WEKA)

B Q7= WEKA ver. 36001 250 & BF 2
&4 FERY 48 ¢ndES AMESHA T WEKA S H714)=
A (pre-processing), & (classify), 3 H(cluster), &
(associate), &4 HEATY He(select attributes), 7}A13}
(visualize) Z T4 E o] Ath(Fig. 1). & AZE o= ABY F4
http:/ /www.cs.waikato.ac.nz/ml/weka/ oA FEE Lz =
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A. Weka GUI chooser
& © © Weka GUI Chooser

Waikato Environment for
Knowledge Analysis

(c) 1999 - 2003
University of Waikato
New Zealand

cul

Simple CLI Explorer
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B. Window for exploration

AT Wieka Lxplarer

C. Window for atrribute selection
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Fig. 1. Characteristic Features of Waikato Environment for
Knowledge Analysis (WEKA)

2) A &/ dadE

5 (classification) 8 WHEZ AT decision tree, list,
instance-based classifier, support vector machine, multi-layer
perceptron, logistic regression, Naive bayes & ©°] X3 o} 3lo
9, "Ee BF WHEEAE bagging boosting, stacking,

error-correcting output codes, locally weighted learning 5]

parameter Z <

e
v 5ol met g

A .
FAA 5% 45E B Fo B FudF
]
=

TR (=3

=
=
o
A=)
£

- M oR
=
[es|
~
5

~ o
Q.
(0]
&
=3
2y
o
>
op
_O‘L

NB : Naive Bayes Classifier, Jrip : a propositional rule
learner using Repeated Incremental Pruning to Produce Error
Reduction (RIPPER), J48 : C4.5 decision tree, MLP : Multilayer
Perceptron, SMO : Sequential Minimal Optimization algorithm
of a support vector machine, LWL : Logistic Model Trees, DT
: Decision Table, RF : Forest of Random Trees, SL : linear
logistic regression model, LMT : logistic model tree, REP T :
decision/regression Tree using Reduced-Error Pruning DT :
Decision Table, RF : RandomF, Bl : Baysianl (Bayesian
Network using a hill climbing algorithm), B2 : Baysian2
(Bayesian Network using K2 algorithm)

3) $49 44 (Attribute selection)

B AT QolAE £F Aol 0749 BE £4 P23
FL AETC B QuUZ HRES DB T F, S ¥R
A HES Bl BAL AT £ £ REATE A9
sl B A o £F G5 AAFGE, ok 2o He 54
o YolH BEE Agstel 714 ¥ BF BIE HY 5 b
delEl BEF 27] A% FAH ek

WEKASIA A8 4 & 78 £4 324

g Al e (select
2= Dbest-it,

Z

H
attributes) WH o2 A, B (search method)S
forwqrd selection, random, exhaustive, genetic algorithm,
ranking 5°| X&= 0] glen, ¥7}H(evaluation method) 2=
= correlation-based, wrapper, information gain, chi-squared &
o] 23 o] 9t} ol&# WEKAE o|#e F71x] HHES &
gatod A S5 AT

B ATl AMgE A4 FERE HY gugFeEeE B
IN7F AHEHAEE T AT AR 7S o5 2 AST
CfsSubsetEval, AS2 ChiSquaredAttributeEval, ~ AS3
ClassifierSubsetEval, AS4 GainRatioAttributeEval, AS5
InfoGainAttributeEval, AS6 OneRAttributeEval, AS7
PrincipalComponents, AS8 SVMAttributeEval, AS9
Symmetrical UncertAttributeEval, =3t AY® & E=E 2
Ne F712 FEHNA=, AS10S 5 AFH 49 £4 6
NE e ZlolH, AS11S S5 AAE 49 £4 g 19
3 o] th(Table 1).
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Table 1. Result of attribute selection.
Attribute Set Selected attribute

AS1 M-EI, ICF, BFM, Weight, WHR, WGT-CTL, FAT-TCL

AS2 M-El, ICF, BFM, Weight, WGT-CTL, FAT-CTL, TBW, PM, AMM

AS3 M-EIl, M-JP, Weight, WGT-CTL, FAT-CTL

AS4 M-El, ICF, BFM, WGT-CTL, FAT-CTL, TBW, PM, AMM

AS5 Same as AS2

AS6 M-EI, Weight, FLA, BMI

AS7 ICF, PM, AMM, FT, FLA, FRA, TBW, FRL, FLL, Weight,

PROP-WGT
ASS M-El, M-TF, M-JP, ECF, BFM, WHR, DWN-RL, FLA, FLL, ALR,
FAT-CTL
AS9 Same as AS2
AS10 M-El, ICF, BFM, Weight, WGT-CTL, FAT-CTL

AST1 M-El, FAT-CTL, Weight, GFM, ICF, WGT-CTL, AMM, PM, TBW

* Attribute Sets are as follows. AS1 : CfsSubsetEval, AS2 : ChiSquaredAttributeEval, AS3 :
ClassifierSubsetEval, AS4 : GainRatioAttributeEval, AS5 : InfoGainAttributeEval, AS6 :
OneRAttributeEval, AS7 : PrincipalComponents, AS8 : SVMAttributeEval, AS9 : Symmetrical
UncertAttributeEval, AS10 @ Six frequently selected attributes, AS11 : Nine frequently
selected attributes. Selected attributes of AS2, AS5 and AS9 are the same.

(Fig. 2). %4 2] & (PCP)S 7]
&S HQ Al MY E8]F-2 Naive Bayes Classifier (69.6),
Jrip(64.6), J48(63.3)°1 o1, ol5 & 7HF & a&S Hl A
60.8), LMT(60.8), REP Tree(60.8)] 21t}
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=2 dugl £33 Sol=E HQ Al ¥1gFS LWLES0),
Naive Bayes Classifier(76.9), REP Tree(75)°] At} 25-<1(Fig
20)el A 7 =2 dutst /3 NAEE B A ¢nEE
2 Naive Bayes Classifier(93.5), J48(93.5), LWL(93.5)°]%1 o™,
7 ES gutsl £ Solxg Bl A dxgEe MLP(69.7),
Naive Bayes Classifier(65.9), SMO(62.5)°] Att.
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Fig. 2. Eleven algorithms with high sensitivity(Qd) and
specificity(Qm) using all attributes (Diamond; PCP, Square; type
specific sensitivity(Qd), Triangle; type specific specificity(Qm)). » NB:
Naive Bayes Classifier, Jrip: a propositional rule learner using Repeated
Incremental Pruning to Produce Error Reduction (RIPPER), J48: C4.5 decision tree,
MLP: Multilayer Perceptron, SMO: Sequential Minimal Optimization algorithm of a
support vector machine, LWL: Logistic Model Trees, DT: Decision Table, RF: Forest
of Random Trees, SL: linear logistic regression model, LMT: logistic model tree,
REP T: decision/regression Tree using Reduced-Error Pruning.
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MLP, SMO, LWL, DT, RF=
A Hlad w2 BHYEE
AE 1, 2, 10, 115 A}&3 Naive Bayes Classifier, Baysianl,
Baysian29] A g Fol 7MF & 9628t FFASE
(PCP)S R.§o0], MLP(HloE AE 4, 11), SMO(FI 0|8 A&
1, 3, 4), LWL(FI°]8 A|E 3), Random F(Flo]E AE 11)&
645602 7} 2 A& Z&(PCP)S BAT

Table 2. Ten algorithms with high Percentage Correctly Predicted
(PCP) using selected attributes.

Algorithm NB Jrip J48 MLP SMO

PCP 6962 67.09 65.82 6456 6456
AST, AS2, AST, AS3,

At set No. J 50 0% AS6 A6 Ase, Astt ASL

Algorthm LWL DT RF Bl B2

PCP 6456 67.09 64.56 69.62 69.62
Aftr. set No.  AS3 AS4 Astt  AS1AS2 - AS1 ASZ,

AS10, AS11 AS10, AS11

* NB : Naive Bayes Classifier, Jrip @ a propositional rule learner using Repeated
Incremental Pruning to Produce Error Reduction (RIPPER), J48 : C4.5 decision tree, MLP
: Multilayer Perceptron, SMO : Sequential Minimal Optimization algorithm of a support
vector machine, LWL : Logistic Model Trees, DT : Decision Table, RF : Forest of
Random Trees, RF : RandomF, Bi : Baysiani (Bayesian Network using a hill climbing
algorithm), B2 : Baysian2 (Bayesian Network using K2 algorithm)
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ARAD ABHAE A delETield aelE AT

9.1(13%)9] zol7k A+ FAF + YAk AAE Izt 7
el ol daEFe] wE HA-HrY Zolrh 2%
(Fig. 2A)°l olXE 20(26.3%), EH‘%?_](Flg. 2B)ell 3l A
30.5(70.1%), %5<1(Fig. 20)° AIA= 19.3(205%)E HIATh
EF A dutsl Solmel glojx dare]Fe] wE Ha-F

FQl(Fig. 2A)9] AIME 21.4(281%), BHS-<

i Apele &
(Fig. 2B)ol lolA 26.7(334%), A& (Fig. 20 Yo E
105(15.1%)5 E Stk ool B3 durs} Rz o] A 2}
o|7} 701% = 71 A vEhd W A5 dks) ol Tl A
< Fd A7k 151% % 7HE AA Yeges € F I
ob-&2] A (Fig. 2)0 ShelA 3 7HA FHESIE HL,

°|=Qm)= A S&
NAEQ)E AFdEEY Hlad w vwy EARRS,
Fig. 2C), A V87 (&%S], Fig. 24), YAI(B<), Fig. 2B) U
EgtthE A, olzlgh ZAvt vEhd dllel tEiME A=
Je F7HAF7E B2F Alojg} ®elth

4

olgel EF B4 Wi AR 2 ARY BYES} ¥
T hgo] WAl AT A U AR Ak BAL A
g FE QT ok 4 Fn B AT Holr Az WAl
U ASE BHES @ del BE nudte AL d4He
2 Brl5ay) ol ma BAH HolE Z A4 F40
FEE 248 4L Aga] e pgHos @ 4
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