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Bk
GhBEERATAEEELAR

&
AFRBRE—HARAABRAH BRI OBEEEES - AR ERAHABR
8] (association rule) A ¥R MHF X F F L > de TR Z BB AEE R o - MR A
FA O ARBAEGMBRE T XHEVEREE  BRMORS > BRBALXFETRGRANF
RlAE - A8 MBMARETHW ARG AER K L£E 5 (cluster partitioning)
By o B BAF EH RS F BAE FFH(quantitative data) by BORHARAL 0 $3% AR B v EAL M
(linguistically terms) # X, 9 M £ & » A A E A A K &4 Ko i B & % (SOM,
self-organizing maps) & & % #7 7% » IRIE K B & o #7 (sensitivity analysis) BT J% /5 = 48 %’3"_%
ZEHME AREHRAIHR A THE>SRERNT TS BN EE
EHEEEEFMBARL A 0 A AR 4L B B (fuzzy resemblance relation)i
AEFIZELE  MHEZTUMZEERBRAN S - HEHHBRNZ S TH
RV EFERBRANZERE LA RIIHNBANEILAARREZIZEN
(informative) > A ¥ A B BAEARZ BERER - A A EMBRNZTIEE - AL
3t 3E BB K # B (fuzzy database) B F {E (truth value)3+ & 5% R B AR GAT A
ZHBARA - Z - ANELA-—ATORFBERTHEREAFRR BEX -

FASET © AR REL S ARSI E AL BB BT e -
ERTH
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Finding Relevant Fuzzy Association Rules from

Medical Databases

Nan-Chen Hsieh
Department of Information Management, National Taipei College of Nursing

Abstract

For data mining applications, association rule can be used to support a decision
making process. However, association rule algorithms usually yield a large numbers of
rules, and many of the rules may contain redundant, irrelevant information or describe
trivial knowledge. In this paper we present a four-stage data mining processes for finding
relevant fuzzy association rules from medical database. Fuzzy association rules are
especially suitable in medical mining, since they consist of simple linguistically
interpretable rules and do not have the drawbacks of symbolic or crisp association rule. In
the first phase, the Cluster partitioning technique was used to automatically transform
quantitative values into fuzzy linguistically terms. The linguistically terms were modeled
by means of fuzzy sets defined in the appropriate attribute domains. Next, a Kohonen
self-organizing map (SOM) was used to identify clusters based on shared feature attribute
values. The resulting clusters were then classified by feature attributes determined using an
Apriori association rule algorithm. Because the association rule algorithm tended to
generate large numbers of rules, we present interactive strategies for pruning redundant
association rules on the basis of fuzzy resemblance relation to enhance its readability, and
evaluate the truth degree of the discovered fuzzy association rules by the truth evaluation

mechanism. Finally, we demonstrate our approach on a real disease medical database.

Keywords: Data mining, cluster partitioning, self-organizing map (SOM), fuzzy association
rule, fuzzy resemblance relation, truth value
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Z ~ JI
BOBERTH- MR ERBER T BFEFEAZIERA BAMBR EER
% 2% (Chaea et al. 2003) > B R b B 4% #F % y %Jﬁﬂ[&uﬁ}? Py 3R = BE 2 F 3R £ % (HIS, hospital
information system) & J& &£ #2455 T # BEAAEH  TRERBRE B4
%ﬁﬁ%ﬁﬁz“HEJ%%%%ﬁﬂ@Tﬁé%%&%&lﬁ%kﬁﬁﬁﬁAﬁﬁﬁ
ZARYE o R BEA— R E R I AT B TR B AT B 42 5 & 5 (summation
analysis) * & #H#E #(Chen et al. 1996; Frawley et al. 1991; Lavrac 1999)1% & —#& & $y1t. 4y
BB oA oA 0 1 AR B AR B R 4 b AR B b (regularity) 2 Bl 2 % A (pattern)#d F) 4
BTEASEBEN XA BMEI# > RAFFTHEANBTREHEZRYBA
4 Fayyad et al. (1996)p7 3 3%, 2 KDD(Knowledge discovery in database)iif2 & » £
25 5% 42 B 42 Bk (selection) ~ AT B & 22 (preprocessing) ~ #%& X, #& 4% (transformation) ~
% k¥ # (data mining) + #% #2 (interpretation) YA & 3% 4 (evaluation) % B8 % % @ A& & 1%
BYZRERABE WA TREALMA  PEEHEMOHER - REF BRI
o X B8 F HES T EH EE 5 #(clustering)(Chen et al. 1996; Frawley et al. 1991,
Lavrac 1999; Kohonen 1995) - 78 i) %~ #7 (predicate) (Chen et al. 1996; Frawley et al. 1991;
Lavrac 1999) 24 & Bf % X #% B (association rule)(Agrawal et al. 1993; Chen et al. 1996;
Frawley et al. 1991; Han & Fu 1995; Lavrac 1999 % 45 > AR X B UL E & o4 H2
BAMUBEZEMIM T % EFRESHAREER Jr-H'E 0 B R A5 B
HBE - (class)sy Fik > B ARAARECSLRETHNEREY KL FH
MR a2 R R B Ry ok o
AMBRAEWBARNNENEDEFRA L F4E£3 % P2 4o Apriori~C4.5-CART
HEE - £ R IEH(E R B B (quantitative data) 2 i& 4§ ¥# #t (continuous variable) 8 -
AERBEMAERGOEN  RECELBEHBARKRZIMWBAA » M ELMEEZ
M RA T T EEA S S T 4 (redundancy) A & T & & & | (irrelevant)#y B B 4
B (Bastide et al. 2000) » A Z N & A BB Z M AR SR ERER - s> E4H
R B AR S HAT 0 AR SRR B AR R AR R 3T 89 &1 4% K (support)fu
1% %8 JE (confidence) FIAE A FF » R A A YE FELABRERE T X L ERBHRELHE
Bt BEG T XHEMEBE ) RS EEHBR TN E M I EATH BRI B
FTRREGEAZLEIBHAER BBES 2FEEY Eﬁﬁaﬁﬁ%?ﬂ
B #E sk B #A B8 0 4£(Ordonez et al. 2000)89 % F » ERA TR AT BRI E »
BHAETHA 2R EEE > 2T 5 48 EE M(nterval)#y Fik - HRBRAB X W
FAE I B (term) » SUR 2D A8 H B M AR B (attribute domain) gy K- - 3 24 3% HA 3§ BRAX R
BEEHELTHED AR ATR R ERBTHRRYD THES L 2 W R
BE EUEHNSBROFTERBNEIR RUATEBBRZXENEXETEAEREH
Pk AR o B30 0 3R T fe & 248 8 8 Y § B W (informative) &y Bf B 42, B -
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LR EEMAE B 1T AFERRE —EWREGEFHRIIEERLS
REHBEFEPER S LA T K (relevant) sy BB AR o &8 R 4% B4R B A0 85K
WEEM o HBEMAALMER G A RBET &G &8 A E £ 2 2 (cluster partitioning)
# 4l (Kaufman et al. 1990; Ng & Han 1994) » 3+ 5 & K #H &4 &+ & B8 18 F B4 09
& ¢ gh{fi(medoid) » EARFE LT AT HF o0 P B - M HARETH A B iR
24 ¥R v 3L ik # (linguistic  term) 2 B2 #1 & & (fuzzy set)(Yager 1984; Yager 1988;

VA E B % % & FA R & ¥ (predicate variable) » & & 48 #} & ¥ (relative importance) &y ¥ £ -
ENMBELERELBEEEI NI MANEE -

HREBGEHE ZHEMR EHRAES ETRAZTRGOHBRD > RMAE
BEE 5 0 4 A JEEH KX (unsupervised)#y Kohonen SOM g K & - A% sk 4 H FHE KR
WA SHEREGORY LR BEREEHBRAMNEE BREEHIS S
HEEEGBY AABEERIFAREEHESHRBRL - £ = EH SOM
EAZEE 0 55 Apriori BB AR B R B IE R 09 4 848 £ (cluster profile)
w7 Apriori BlE AL A A MG B A KX F MBI B KRV & — A48 40 B
¥t (fuzzy resemblance relation).2 & ## &4 4% B ] & (pruning) % 7% > A EF X M B R A F
VAt (merge)  &HEZHB AN B EN KBR Y BRI KX G 0EE LA FWHEE
e EEwBE . RMNAREARHN T XBHE/MEHEE ) Kl (Agrawal et al. 1993)84
% @ 2h ALK {8 (truth value) (Zadeh 1978; Hsich 2004)3F8 3% 47 » #5 Bh ) %) 7 2538 B 5t
HEZ T -

A ELBEIAZWERN  FoG AR AR AAEMBYBRRA% £
ZHERPEELIBREAFRENBENE  THAREARTHGRG T % Fwiiny
A SOM R Ex##i  MATRBLRAZAMNBRAUNGT L FLAHRAAEERK
BROEZL  ARABMHBEEHRZI R GH T & FANGRE—HBRINALET A
AL G ok 0 A BH B ) BB H B 3 4 B (fuzzy association rule)X TIEE ; BLH A K
HRzdHh ETRIEARGHARTOHEER -
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AARFERFAGRAMA BRI B EFRETHER - AR ARA RBRIF
HEH LA BRI BRRA L FEXATHA -

— EBEESHMREB] (Informative Rules)

A8 853 R & ) (transactional) i & # # ¥ (manufacturing) & # & - B y& (medical) & #+
BRECAFRENRMEATRERBREE AR BAZ TRL THE R Y
Gudgment statement) » A& vk K+ W 9 IS MA £ AL E W B LR T B A B SHZ EH S
WA ATIRIE o ARG ¢ X BB A 547 44T 0 T BB R 3 MR AL AT A X (rule
format) 64 % 3 » £ A28 — A% 20 3% L 27 A (reasoning) 8y B F > A& ARG AL &4
F HE#E 6 38 4] (precise term) > 7 Bk B 4935 4 (imprecise term)fk T A R H AR Y T H M
A S o B A E bR A A7 3R 2 8] (Delgado et al. 2001) »

RA T H BEEHEPHRE  COAREFERITREEHNXEGARARK
WEAAZHMHRE > &5 —BEETRHHRA - TEALITF R ZReyM BB K
BBRERMES  EAFRFRMNERAXNELELE 5 H4FF 2 CLARANS B E 5 (Ng &
Han 1994) + 3 5 tt & {5 0 8 FH 42 + A7 &4 FPh BB 4 o S5 48 S AR4E AT 31
Ehoy A PR A S BANEEHMER AT Bk bH By E
BMES  RABARRAZEBERAE  EA%SEEFHED THEZHATH > &7
BB AR A 0838 > PTEBEMBRANNE XSO AFAREIEROIREEGLE

v Ll
YT AW -

— - FAERBIE® I (Redundant Rules)

Ko 4 45 3 A & & (relevant) .4 Jf (usefulness) ey B M 4 8] » & B HEH THEH
rta—EERRAE LREANERde Apriori FHBRNELZ X HAALTHR
B EH R BT E MRS AEGEBR BT MBI AR - W B EPTER e BRI
Bl &4 H K& &4 (redundancy) + #& & & (irrelevant) L ¥ A S0 T B - S8R —
A 7T 36 oy AR E AL 89 5 ik (Klemettinen et al. 1994) » ¥a R it 652 h AR E T 2 ey BB
AR AR LM 2R E AR EALMBR AR RS & -

FE B R M AE SR P o B M AT 4 B W (similarity relation) - KE H9 #R f B Bt
(proximity relation) A Z 4 #1 48 44 B % (resemblance relation) % » ¥ o7 16 % H| B 31 £ &
A% b R AR A AR 84 F % (Zadeh 1978; Zadeh 1984; Zemankova & Kandel 1985) gy 5 4 44
MR A S AR MR R RABEGRAABAEY I EMESL - AR
MBI B A KA Rt —ZAMB AR ARG T % - BAEAIHBRA L
M E Ko EAMAT AR DD MBARR - BATH &6 1500 B IR Bl £



BERESNEFREEREEMEEERER 31

H &z B 8] F7 A (antecedent) » 2 5& K X # B 4% "8 (consequence) °

= RERSIAEBEEERBI (Interestingness Association Rules)

ERGHEEFIAEBGMBAA AR ZE TR EOHBRALEHEIEA
HITRWRDIFEREHEEBAR LRBRAAN T X BHRA - 2R EEETHET
FER B RARRY  FRHE AN TTRESAAGRBER  FEEAR
HEEAMBNELBBRETTIIEY S TRBRALLHAGMBARA > ATATH
T8 %& & #a (pre-classification) & B B A M K2 —F B T - EAFRT » KMAFEE
B K49 SOM % £98 5 & » Ta LR85 & T # 2 44 B 1 {4 (feature attribute value) »
REEHSBENFERFEBEAMGBBEE  FEFTAZTHEDEEL  A#
FEPTEERNBRN I HFEB A TRERGMHE -

B—FRAABAHABAL " XFEMEHEE  FERS TREEAALARTE  #
kFHEBRAEEBESRANGEAE - pldw» F A>B 5 — WAL » ASB X T HE X
& PA,B) X¥FHELEARAR N XH AUB B & &L a(tuple)X EE ; 4=>B 213
MR TH PBA) EREAENRT BN 4 G648 E T Rk T5 P(4,B)P(4)-
R X BZHRABEATEEAER > BUREF R EBES PB)T AL » 12 b B & 5
P(4,B)/P(AYiE A & i P(B)M B » RBP4 AR A X AZ M AR B TE R X PIMME -
A THRAAHERLEERZIMBAD - EEBERE 2B R AR L - BB R B
09 & A AR B Bl A3 M v B4k o #F (fuzzy linguistically term) #y & & 42 & (truth
degree) * EAMR Y » RIREF —MAAT AW EHMBRAANTEE - AFHER
R BRI AR B 84 ik o

£ BEBEHBERS

— - RIABREREHE

R J& % (collagen disease)(Levin et al. 1999; PKDD 2002; Taylor 1999; Zytkow
& Gupta 2000).5 — H 7% % 4 & 2 B & %% % % (auto-immune system)s 4 > £ 5 & &
B E S A A E (antibody) ¥ - @ $ K B 09 A B T (organ) i & & %
REHMRENED  WEAMABVARLEZIARYE AT —AEN AR EN LA
(thrombosis)eg H ik * BT EBRRIEHEA L HABRERE AT H Rey/RE A
BREORFHZEELSGWNGE HHRAGORENAEAR - RFFRPTERZBER K
7 EHE - A PKDD1999 £ PKDD2002(PKDD 2002) B I 40 % #F 31 & Ff A B =
AEBRAHE LA CTLATHENLEHAXEALIAEIBREEAR AHE
REFARRR  TEBNHRARSEAE G EHRD &N 2B RER THE
JB e B 4E 2 M) 0 B4R M (regularity) » VA B 3 TR (predication) 2 A o AR B R &K 5%
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R RFBHRZEGME RO RS EBEREHRDOAE L RHOLHFE
&AM - ARAFET  RMARE—EAANABERTHEHOOBEEERLS
FERUALAEETB R AR BEREIRELG  AEFBREFARARFREHEL W
ik > Bhn TR B TR E  c AR A ERERAZIBREREHERE
WERLAWE -

SRR Em AR B L CSH AT H RS L F T4 &4 PATIENT INFO(&
12390 Fedk) BRI A B MARKREHN . FH# %4 DIAGNOSTIC(3E 1956 %
REFVTHAENNESL BAHNESCREERRBMBEEIERAZITEHER B
BRBEBRARADNTOSHE LbEFBED 5 &M KK ANTIBODY_EXAM(3 770
EFRE)VTBERNELEBRBEHNE TR E Ao TR RN R RHRIH Hih
ABETEZERBFR LRBEREMETILATREZRB I ALK ¥ aCL_IgG,
aCL_IgM, ANA, aCL IgA 2 R A # AR T Z L AR ZHE . TH £ %
THROMBOSIS( 198 £ &) BN ES » hR BRI BEARER B EFEAR
Z B AH &R LAB EXAM(E 57,542 $ 245) 5 B A A % (HIS)it 15 553 - 42
BHABRBEGNBERRBRENETNEARBREE  AREABTHEAZ BB RES
R BRI RA M S A4 DISEASE(E 65 #sk)Pi i 5 B 4 e
FIR T A T ek % 09 & A% 5 oM R4 ANA_PATTERN(: 644 # &sk)BE 5 PTA ANA
i | -

IR E 2 2R B AN 2R R 0 i3t ANTIBODY_EXAM ## & 44 5
WARRL  HORBRITAEEZNBEZITRERDREAR BT R R EGREO:
MABR I3 FEFRE RBREZEMN) RALETHEABRNEFABRERAB LR
A 0 8 KI5 MEJR % 5% 09 7T 52 (Jensen 2001; Levin et al. 1999) » 77 4% vA & 48 & H#HE &
B RER R ARBEARLBBRERCRY AR ELEZ MGG - Kdm
T R LT AR MR AR O M Bl R A Ok B W R EHEREEEH
HHBEBEHBE Y EIZENGSE - LAB EXAM F# £ 585 Bk o235 ki %
B RABRERTAETBYEERBHE - LERRBETREELREHRH
B R T AR B A A RSB E 15 Fohm BRBE L TH AL E 44 (oin)
ANTIBODY_EXAM i % LAB_EXAM b —E# £ 405 > SR QB B MEE 3 £
ZEH 0 A A gk R B UK b R B P T 000 B R 0 4% M o R BE R R K2 28 %) B (class
diagram)4m B 2 Ff&
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o leami . Pdient:info .

PK,FK1,11 | P_ID P11 |EID
PK EXAM_DATE

X

GOT Birthday
GPT Dexription
LDH FrdDde
ALP Admision

™ A A

h 4

CRE K111 |PID K141 | PID
T-BIL DIAG_DATE 12 EXAM_DATE

TG SUSP/ CONFRM ACLIGG
cPK DIAGNOSS ACL IGM
\?VLB% FROM_TEST ANA
ACLIGA
RBC A ot
HGB RWT
HCT LAC

LT THROMBOSIS
NOTE A f
A . Lo Anarpdten: © o -

APl K1 {P_ID K111 |P_ID FK1,11 |P_ID
U-PRO FK1 | DIAG_DATE K1 EXAM_DATE FK1 EXAM_DATE

IGA FK1 | DIAGNOSS ANAPA EXAM_DATE/ ATTACK_DATE
1GM DIAGNOSS_TYPE SYMPTOM

CRP COMMENT ATTACK SEQ NUM

2 BRERRENE

Z - IRHEEBMESR

S BEZEFEKLEOSH 65 BEAFME  HF 10 8 E AR L X F(text) R4
5| 7 (categorical) B M - 2 4% 55 18 & #H4#4 & i 4% & (continuous) B 14 » &y #% DIAGNOSTIC
THEABLEGDH R BN ARAT I ERBE  RABHEABRERAZIHNELT
SZH  HABE TR IR ded P S AR (trivial) ke 3 0 3 & K X ¥ B (PKDD
2002) » S A AR B A FHRAE R R o B MR EA © IR AA (missing value)i® $ AR IEH
EAAM X A AL R Y 36 B A B EATEE M RBIBR KRB B RERM AT
BHE > PWARCRREEEARSERBEMA DA RBZRBORE - ABBEB
BEABE>ETEMER » MR FHRARBIER RE SRR EEZ FHE 0 &
THH B AT AR R B M R o RV E REBRE AN PIREMG &S TR RS RS
B E— FHEE  BHOMFBEZETHEZAEITEYEEAR ZHEE 5 # (sensitivity
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analysis) * SR E 2 B AN R B L FRBEFEH AR ELE - ABABRERZ
BERE  RBEARABANRRAT BN - BT 2448 #F & M (relative importance)
BEOSE FABRGAHEHEIZMANER  KRMNEFEAHMEEATRE RN
REERERANSGERIT  BAVECHRHRESIHERRER 1T - BERE®
HRBE AERARH ERAZEM KA 0.00598 0SB HABEEEINAERTX
SEER -

&1 AT 2 B E DT

Input Layer (no. of neurons) : 5289
Hidden Layer #1 (no. of neurons) : 13
Output Layer (no. of neurons) : 3
Predicted Accuracy : 97.71%
Relative Importance to Thrombosis
ALP 0.03074
GPT 0.02747
CRE 0.02717
UN 0.02717
UA 0.02715
TP 0.02685
LDH 0.02550
ALB 0.02550
CRP 0.01455
TG 0.01438
IGA 0.01437
PLT 0.01433
WBC 0.01419
IGG 0.01415
T-CHO 0.01171
GOT 0.01169
IGM 0.01111
GLU 0.01077
RF 0.01043
C3 0.00965
C4 0.00930
Year 0.00921
T-BIL 0.00819
RBC 0.0079%4
ACL IGA 0.00751
CPK 0.00696
HCT 0.00688
HGB 0.00684
ACL IGG 0.00631
ACL IGM 0.00598
U-PRO 0.00361
ANA 0.00302
LAC 0.00252
KCT 0.00176
SEX 0.00171
RVVT 0.00137
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= BEHE®R

FEAHA — AR A T MR (reasoning) ey 1E B T » Bk oy BB A A B BRI K o B W
A RREABREREYTUNEN > ARFEAATHLERR  HAABAFELELHLRSE
49 3% €] (imprecise term)A8 & 7 4 5E 64 3% 4] (precise term)4§ £ & & & - B B A R F AR By
B k9l A R A Ak (Boolean) ¥ #8 71| (categorical) B f& 49 F A4 0 5 WAL B B
{i (quantitative) B & » M A BB H B AAB TR X LA R G HABEG A b
FER ok BH R AL KI5 & EAAH G ARG - AT HRD T LA LTREZRA
HH# o f]4ho i Srikant ¥ Agrawal 84 5F &+ (Srikant & Agrawal 1996) » & T A& {4 % &
Ak AR R A R T M B AN L& TR 2 B AR R (attribute domain)dr £
HEBENOER  ABHEUEMERS O EBXZEM » &6 80 B 3 R4 R 8
RPZZHFE  RBEEIAGHEBEFMBRARARMEAETHN - ROLBHEREETHRRRE
R +7 | (sharp boundary division)#y ik » £ R REA MBI E FMBEMEZHH > AR
SHAANBHAEMNETHE R RO pldw o BHEA20 £ 28 RIMERFLSL
FROY K ERERAABNEAELERS XBHA IR -

o £ A (fuzzy set) T A3 % F i (smooth) 7 X B FAR VL & Ml 2 B4 » 15 &AM
HARBEEHRENEE » 2 005 BE F ik b vl v 3B #F (linguistic term)& 7
ZHEMES KA RELBERY T F AR A (informative rule) ~ & b 5 35 B % A2 8]
MBERETEAMARNGEL  RAATHEA LT FLRALCHGEMNES TR
oM ALABEAYEMECANENES  HELBEREEHEYEELERS S
H oo — M EE TS LM E S EEL  FdE R FH RAERE KR(domain expert)
ARVEBA fnilk 0 T A E A B HJE 8 5B % B (membership function) @ K % A& E ik
RN R ECHBRAMNERECRAARNBELRF TR LER " EALHR
FRARREEEMGWE > TATHRIARAAEEERHEDELEHBMBNGEL - ¥
BRATHEY  SEBEERNEEHWEATGETHEG > F S8 A8 E A BN
Bo o RAE-REBZMEXE - '

RRANEMESCAELAN T BEHATAARELZIBREREHEARLE
4 8,645 F fn bk RAVI BB R B A 207 A& ¥ 69 BF 4 8] A (cluster partitioning) % i
o FARBAERAEY B A E R T B E(medoid) REF AP EAEL L LA
B By Bk A SR R FH M AL B R 09 B % & o K-medoids -+ CLARA 2 &
CLARANS(Kaufrhan & Rousseeuw 1990; Ng & Han 1994) 5 = A+ 2oy EE B A
% A K-medoids WHE A E R AL RBHLERVEHES R RELLEGR
HEERGEHESLS L+ CLARA A B ik (sampling) - CLARANS A5 # 3% &
(randomize search)#y 7 &, #% & ¥ 8514  CLARANS #8874 CLARA £ & 4F 69 #1473 8
WM PTARFIIRA CLARANS B HE % A ERAD R EHME P B/EF
pr

#T R BARE CLARANS Fizst B i) kB P B - S B AR MaHRG L
1B B A (Fu et al. 1998) o 4w » 3B EE A F H 845 09 B+ 48 3 (attribute domain)
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B o viE voo {m, my,...,m} % CLARANS Fist B ha AR 09 k18 F 3645 - A
(vi~my), (mi~mz),...,(meva) & kBB R B RE B R4 HB R B BHRT X
& RHEBQ~m) AHEE | EEMRECZHFEIRSL

1 if x<n
L(D)=4x—m/m-m if m<x<m >
0 if x2m

AR SE(mpa~mp)  p=2,., k-1 BIHRE pEEMELZHFBEIRS

0 if x<m
X—my Jmy—m,y i m, <x<m, ,
Iy (D)= 1.0 if x=m
X— My [ MYy — My A 10, < X< My
0 if  x2my

EHEE(u~v) > AHRECEAEMELZRE SRS

0 if x<m
L= x—m/v,—m I m<x<y °
1 if  xzy

Adifg GPT » T-CHO o K ##4L & #] » GPT A R A MEZAHAELEE G 0
£ 4780 > #&Ax CLARANS RE k3t d 3 B F 84 0 H 42 5 5 {2635, 362.28,
2181.44} » A &A1 A 2 & % A GPT #45 = 18 v 35k i # {Low, Normal, High} % #
MRS A T-CHO B AR R AF R e FH A5 E b 8 £ 851> &4 A CLARANS
BWEEE B 2@ B 4E 0 B4 5] % {182.78, 484.87} » B %411 T A & & ¥ & # T-CHO
W% =18 o B4 it # {Normal, Abnormal}Z ## £ 4 » A EBKRATEBEHELSREZZ &
B HRAEDEHGHEAOELEFIENES  BERER2HT -
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2 GPT B T-CHO 2 &Lt s

WA | PR EMESRMARKE BHMESZHERH ik 2 &
26.35 Low: 0~362.28 Low Normd High 350 = (Low,0.03)
GPT 362.28 Normal: 1 945 =
) 26.35~2181.44 (Normal,0.67)

2181.44| High: 362.28~4780 | "0 6% 368 smia e 2493 = (High;1)

182.78 | Normal: 8~484.87 :
1 Normd Abnormd 204 =

(Normal,0.92)

T-CHO 48487 Abnormal: 512 =
’ 182.78~851 0 i, |(Abnormal,1)
8 18278 484.87 851

B A RAERAE AR EE S

SHBIBREREHEXCLSA R EZ o RS RRREE LT Rk
B EN A e R etk 0 ARE B Flh M FBEABKEH ABRLY
BE BREBELRYRABHGHG oMl KL EALASERRER B
BEBRERES CERITHRE TR EH4H aRAEER TR RRET>H  RaeE
BERBABBFEARLRELZRMGEGE  ARMBERBERERERGEE
o fb i —F W R R RERR AR DL L RBERERBORE - A B RRER
AFZUNBREBREEABEREFAHMOHNBME SARMAZIBRERLESER
(multi-dimensional) 4y B4t &4 > Ta B EA X E R IR OB E T ER DA T L0 M0
BB o FRAERFF R T » RV T H IR E 2 FH RN 0 FRRB AT H 6 45 2
- #a(classification) » 3 45 3y N\ & FF 57 49 2 BB R 5 & 445 8048 408y & £ (cluster) » dm ik
18 E E W EH B A B Y M (homogenous) * % AH A EE BT O NBEREL
REETRAMGMGE b SEETERBOWBRAR - EALEIFREER
¥ A& &K Markeyetal. 2003) TR EH RE LM ERAEEHASIHBEARNGHA £
HEHOTE RMNEAASCRAREILATH ARV ERABRRTEBR
(Self-Organizing Maps * SOM)g & % ° '

SOM 1% & Kohonen (1995)# 1980 4 Ff 3% th 6y — 4% Jk B B X £ ¥ (unsupervised
learning) #g 4% 42 48 B AL A - SOM T AHFHG T F » T A TR FR AN
Rtk o A— MM L SOM MV LM TR b — U EREY  LrHEd
TN & F ik AR Y @2 T § 5 A I E (synaptic weight)' SOM £ % i A2



38 E

o
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b4 A FEE B - % — B A A0 3F 5 B & (rough estimation phase) » B # 4 AT
73 %58 4 FH 4k A (gross data pattern) & % = P Fx % 4w 3R 38 % B (fine tuning phase) > B 44
EAFAE SOM NIV RETAEF R A TRBEED - A E— &35 E (hidden

etal. 1989) » AT IARAIAT & B X AP BB O F 8RB - &£ SOM £ g ¥ >
Euclidean 5812 M3 A A & B E A Mzl ARFEF >  8&F
HAAREEEH AR EHMEILRESL SOM WA EH » —=EHBREA -
SOM & B3t A EH MW MAM ERETE R LI B EHRLUE  RELBMEE
BFH B AUBRAAEYEETHRMANATHGERE  EHRREZLERE - &
LEAAERREAFRERERMGEN - % SOM eREMANECELERENRE T
PARMAPR R ERNG 0 >N HARER TG EBAE - RABEHOTKR A
WA ) MR FEERE LR RZTR - AR HBRER A3
RERXF RAERE BFHRLE—ELERR ST ALY BERERLEERE R
R AHEH O ERBERESLE -

BB R R R A AN - R AN £ 2R #(Thrombosis=0)= & ¥ iy > 2
%g 1,962 EH  RAKBHBE SN ERA 30 BN ELEE 0 $% SOM 47
EEIN  PHHERWE 3 BTAE— 4xd X GHVEEBELRT AP as
Hl16BREABEANEE FEESYEEA P LB TAHFAE TR EE  AHH LR
EH O] ARBRA SRR EREAE G - MR ERGE > HAEmBS
% 3~4 8913 Frlakt) S BEREABREMNEET  RRERAEZAGH
T(Thrombosis)=1 + B 37T & 2 4t &t o 35 B A4 T 96 % B E | e B8 BL o ) A
T RAAY Ml R SE 120 15~16 F > PR 3B RAREHEET  wRREER
%4 & # T(Thrombosis)=2 » B THBLEANC B ELE "RE, BEZ R A -
EA bR RERESEEGH " M T(Thrombosis)=3 & » by 74 & s 4R B B F 45 2
EF AR 0 R E R —F H -

RIEEE 5 A - LARB M 4% # d (shared feature attributes)x & #4457 /B 74 B
—HNBREAZEE PO REEREKRE SOM ¥ AHBEFRMERMZ
EESF M d 22 5185 69 K 4 45 8% £ (cluster feature profile) » 48 #7414 4 A & 30 R
WBEMBITIWG T, CHBFLAARANSHER -
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56 113 128 4] 113 1) 237 Ll

945 % 6.57% 376% 11.77%

TEIRT=2 753 | T=1G T=2 T=3) | T=1E T=2 T=5| | T=1i T=2 T=5)
185 03 1 693 56 3 0113 0 0:23; 0

127 12 s 1] 37 1] 21 2]

6.47% 1.53% 1.89% 617%

T=13 T=2 T=3) | T=13 T=24 T=8) | I=5 T=2 T=3) | T=1% T=2 7=
1198 4 4 35i258 0 1i35% ] 03118 3

g7 L5 7 L6 2 7] 9% &
443% 3.67% 117% 499%

TEIT=2 =3 | T=13 T=2 T=3) | I=1i T=2 1=3) | T=1% T=24 T=3
258 3| | 142 32 6| | H: 0 4

N
R
>
N

ot R FTYTTTTEETY
SRR <+eorpeer0230 1] 148 2] IRE 253 4]
FHS 2 ERZTRILLE] <] se 11.72% 7.54% 395% 12.90%

TR T=2 T=3) | T=1 T=4 T=3) | T=04 T=24 1=3) | T=1i =4 T=5,... ., SiE&mE
483182: 0| |1233 258 O || 788 03 0| |2538 0% 0 BRERELE

BRI B EESTRER

1B ~ BEHA BA R AR B 2 B3R S & B

— ~ TR BRI R R 3% iiE

AF R EEY  BAHERFEERBRANLETRZGA AR WM BB
LA R EFEERBEM A AR EHGHG > BN CARE SHHFRREF LS
77 #k(Boolean) % #8 7] (Categorical) 2! 2% & #4842 49 B %4 48 B % K 7% (Agrawal et al. 1993;
Srikant & Agrawal 1994; Srikant & Agrawal 1995) » 73 # vA # % (hash)& & - = o #t
(binary tree)(Park et al. 1995)#h By im ik R EW A RO AR B EE % - Ry ERFEHE %%
T~ B8 B R ¥ # 1A (quantitative) 8 & 69 & #+ > Strikant % A (Srikant & Agrawal 1996)#%
A% BOE A AR R B 09 AR 3R 4E B (domain range) © 5 %] & $ 18 & B (interval) ey 7 ik o LA
EREBRANZRMBAE > AAARE T EBEZHBRNERNAY X LLREGE
MERNAFEREGBRE - FTABH T AW EREE > KMAEZH AT EZEH
BT ASRAVREHHREATBILAFTERTOREBES A BLERGF
KRMEMBRD » RARE M ELARCLEZARA » A EERBOHBAR &
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S TEAME  BTAAERTR P RIIAE L S BB M 3R B "(fuzzy association
rule)(Chen & Wei 2002; Delgado et al. 2001; Frawley et al. 1991; Fu et al. 1998; Mitra
2002) -

Je M EEEXREBRARIBBEELABRKEIE L/ - &Y SOM L £
Wik RIBBERAERBEFREETHEEAAREEGTR B &EELRRGEE &
PERLPRELZEFEaN TETERE ) (T=DE "TRE , (T=2)8 K £ E7H %
WA S REUAREREBZFEGEETRNBEGEN  BA—RERFELHEH
HEAAR R A S MR EE 5T b Apriori B H A AW MAA E A B
BPER LAERAES  FARMEERELZFLHBANZERFH L -

=3 B 12 IR B E R RR B AR

Al 1 |PLT = (LOW, 0.11) = Thrombosis ==
Al 2 |PLT = (LOW, 0.27) = Thrombosis == 2
Al 3 [PLT = (LOW, 0.32) = Thrombosis ==
Al 4 [PLT = (LOW, 0.83) = Thrombosis == 2
HA] 5 |ALP = (LOW,1) & GPT = (LOW,0.84) & HCT = (LOW,0.60) = Thrombosis ==
# 8l 6 |ALP=(LOW,1) & GPT = (LOW,0.74) & HCT = (LOW,0.27) = Thrombosis ==
A7 |ALP = (LOW,1) & GPT = (LOW,0.84) & HCT = (LOW,0.60) = Thrombosis ==
Al s ALP = (LOW,0.95) & GPT = (LOW,0.84) & HCT = (LOW,0.73) = Thrombosis
mal 9 TG = (LOW,1) & RBC =(LOW,1)& PLT =(LOW,1) & IGA = (LOW,1)& T-CHO =
(Abnormal,1) = Thrombosis ==
A 10 |RBC =(LOW,1)& PLT =(LOW,0.98) & IGA = (LOW,1) = Thrombosis ==
RBC =(LOW,1)& PLT =(LOW,0.98) & IGA = (LOW,1) & T-CHO = (Abnormal,1)
A 11 4
= Thrombosis == 2
mal 12 TG = (LOW,0.99) & RBC =(LOW,1)}& PLT =(LOW,1) & IGA = (LOW,1) =
Thrombosis ==
# Al 13{TG = (LOW,1) & RBC =(LOW,1) = Thrombosis ==
2 RBC =(LOW,1)& PLT =(LOW,0.98) & IGA = (LOW,1) & CPK = (NORMAL,1)
R Al 14 T
, => Thrombosis ==
RBC =(LOW,0.1)& PLT =(LOW,0.98) & IGA = (LOW,0.75) & CPK =
(NORMAIL,1) = Thrombosis == 2
mal 16 RBC =(LOW,0.84)& PLT =(LOW,0.98) & IGA = (LOW,0.75) & CPK =
|(INORMAL,1) = Thrombosis == 3
B .17 | RBC =(LOW,0.84)& PLT =(LOW,0.98) = Thrombosis ==

# 8 19 |[UA=(NORMAL,0.16) & TG = (High,0.87) = Thrombosis ==
# 8] 20 [UA= (NORMAL,0.17) & TG = (High,0.87) = Thrombosis ==
# 8] 21 [UA = (NORMAL,0.22) & TG = (High,0.95) = Thrombosis ==
MR A 22 [UA=(NORMAL,0.26) & TG = (High,0.95) = Thrombosis ==

;A 15




BERSNEREEEEZRMEEERR 41

LEFERARAL  KPMERKI 12 EEAFEMMA R R % > Apriori B H
EMIBRA R ELR o BEL 0% A L EHRERR 3N ENERG EIHE Rk
BEATS6MEHREHZHMBRAR » K3 ARG EBMBMBAR > rgd T &3
AFBO MR TARPI R ERKZ ZHFE AT —HATRAZ L EMBF
RHBRBZTIEE - ALEBREL - HERMBAANE KL TALP=(LOW,]) &
GPT=(LOW,0.84) & HCT=(LOW,0.6) = Thrombosis = 2 ;» B] }b Bl %41 A] & T & B &
ALP 2%(LOW,1) » GPT %(LOW,0.84)H HCT %(LOW,0.6)i » Bl &4 R EALAE
G M BRANAE X AEBE L BERABEMBRAFw > TRER
BABTERHEE W -

=~ IRRIEA IR RS B

RAB ARG RS MBRERS  MBRARNELEES —FEAREAREOETAN
BB & ATk b A & & (relevant) ¥ A F (usefulness) sy BT R R » & % — B LA MR
R c M BEAHEHE B ILERZENES TERAAF AT ERALTH
B M AR 3% (attribute domain)$ & (cardinality) 457k » M3 U EH M BA A - Lt
4r Klemettinen et al. (1994)3% B vAL &AL ey 5 X > BACEE M B R B 9 B E 5 & AR
LIPS XAAMA R T > A H A correlation (Brin et al. 1997)BX AR 4612 3 49 7
% » /& Heckerman (1996)¢4 #F 72 ¥ 4% & derivation 3¢8 > 2 &y MR B = % 3 5 s 4]
Mz ARTMBANZETEL ) AARNBXBHMARY » — KX
B %5 #2 BY] (generalized association rules)(Chen & Wei 2002)4% A & & & F 4 BB LM
% taxonomy B Mt & H 0 EAFELIBAE T R A R LB LA B F — taxonomy B & Z
AE kAP AR A E£A4 M A . Bayardo & Agrawal (1999)F7# th =
A-maximal rules 47 8] #9 3% & B £ 70 4% 9 B & K A7 %8 (antecedent)-Z B % 4 A1 75 & A B &
4t % ¥ ##% - Bastide et al. (2000) 8] #% & ¥4 Galois connection &9 AF £EF A B K 2 A
B 4 4&-(frequent closed itemsets) » R H S HETEAZMBEAE -

WA KT R ER I RSB AR A X Ll kR A E A A
BAE AL B 60 AL > PR KRBT B4R B — AR 4R T BE#A A8 40 B B (fuzzy resemblance
relation)(Hsieh 2004; Zemankova & Kandel 1985) » 3+ A M ¥t R B M AR A2 E » 453 &
AR A ZUAE B B T A B e A B BF (merge) 8y JF ik 0 SN B P RRT B AR h B AR
MR TR - RV EHEEMMABRAZEE T % &Mk 3 K| 12
BREZEMMBAR P - #1011 B HBRANELEFRA - RAKEY &
A 10 A HA R B 11 &5 - AR 10 BoA $ B % 0 69 47 7R (antecedent) 2 & B 3 & (R
48 F]) 44y 18 *B (consequent) & FZAEIR B SmIE R AL A R AR ZAHE 10 EE R
LAEEFHAN ARGERFTWEMBEETL  THOMBAA P RERAHA 11 L8
AR FHEMBARSHZIRE L TRA -
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THh— Bk A= {Al”An}%“ﬁ*’bﬁ@{iz%:}i%é\ D Hapi=1,..n AlEHAL
JB M 2 P8 44 (threshold value) » B3 Ap> Ag’ H Ap C Ap > Ag < Ap B35 ik
= BE M B B 47 8] “ A7 78 ”(antecedent) 3,“%% 7 ”(consequent) X B E A 0 H x
9 g o 185 AR T o HR B BB SRR £ 48 cuple) » R St AR B0
Z AT AL - A" (R Ap~ Ag )7 BvE#
E(x1[4/], x2[4,]) = true, and

Heg((x1[Ai]), p(x2[A;])) = oy, for all 4; € Ap and Ay,

HoF pCa[AD R T x AR A; 2 5 B & AL (membership value) » E % — F] % i 39
(equality predicate) * BEMIAB LB B EQ TIA R £ 4

0 X#y
(A—abs(u(x)—u(y))) x=y

°

luEQ(xLy):{

BB LA AR R AL A B AFLBREM  FATRE—F &
B AFREEBWANRGAN A BREFETRBEBMBARA - — Ve 5Bt
RAEROHEAEELBAT ALK LRMABRRN 2 AR ET L G2
B AT A -

AR BE-BMABANr A= B AETHEZIEMBBMAL » XHEX XA
B — iR RA A >B A’ cA BcBHA~A -B~B -

REZE-—RRE - FABBRIEHMABRI > BHFEARAZ-EM "M
# 5] | (resemblance class)y » mEBA R —AAMBIN N Z A A BB RA - T —
FALEE - BKHMMABRA SR EEMBRY B ELEARERSIAWEER
ERVZBEA BAHBAZRANEEAZLEWELARA - AEBRBEAN  THEL
MEOARES TEFTRE 234 -89 - 13E5EEE > ARELEMGHLRE
BIRE X2 15~16%3@EE > MALZEMHABRNSEEEINELE B
BATRANZGHEE  BAABFELEAFH o ARGEIMEEEERS
BEEZTRIESHEZ -

RAAEER 12 EAZEBMBRABNEHEE > RPSH0FE - RELB R
AKX SHBXTrEEH AR FPHEHAMBRNECAHMEERWE 4 7R
BEBM-UMZBERMEHFLLE 05 SHTHRAEX I TRA -

(DB BB AR 2 AT ~ RAAKAARE - A BB Lo T8 Al9T
b o SRR RMMBRA B RIEM RRRAAA TR ESHS S
BZHNE e Hlam R IAR 123 A3 AV S HE > ARBMB
RO & - B - ALTEHER IR -
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QXM ABRAB Z A8 BEAUKHAR EEEIBRERSARLE AR TAS
o lhe R 3B 12 -3 MBRA 4 24778 BEA KX EAE » {2 PLT a- 2
#£3E/8 » nEQ(0.83,0.30)< 0.5 Wb A 4 RTHMA] 123 &4 o

GEHMBAR AR XFTE #AAEHE  E—RANZWEHLLLES R
Bl ZAAN BB IBMEHGARTLM A ThASH  SHEREINER
EZHMHBRD - flae k3 PR O 101112 13 A#EAN XA > &
FAZ AN KXY TARE  2ZHRE] 10 1112 13 4T 8 44 A8 9 2 77
BN Blo-HMZ ZIEE  EAELE - Bk 10 1112 13 w448
THHERNI SHERWERAIRA4FTT o

DHEPMBABRATERXBE > BERKXTE @ BTk &6 &061%& 0 BIAR
%“Z & (inclusive-on) ! X X BEHI BB AL B o fldmk 3 HA] 14 16 3R 1%
A X 48 ] » 12 Thrombosis BHEA M % 2 & 3 EFAEE  f2ara % X 48 B B
- EBEEE SRR RERAMNEAHFTX > BMHRANEASHSE Tor, &
KRZ R ; S BEERWER 4 BB S P o

R4 BEN12PEHBZE R HAER

# &) 1|PLT = (LOW, 0.11) = Thrombosis ==
# 8l 2|PLT = (LOW, 0.83) = Thrombosis ==
;a3 ALP = (LOW, 0.95) & GPT = (LOW,0.74) & HCT = (LOW,0.27) =
" 7 |Thrombosis ==
TG = (LOW,0.99) & RBC =(LOW, 1) & PLT =(LOW,0.98) & IGA = (LOW,1)
& T-CHO = (Abnormal,1) = Thrombosis == 2
Mas RBC =(LOW,0.84) & PLT =(LOW,0.98) & IGA = (LOW,0.75) & CPK =
" "|(NORMAL,1) = Thrombosis == (2 v 3)
#A] 6|]UA=(NORMAL,0.16) & TG = (High,0.87) = Thrombosis ==

a4

s RATHFERMHEBRNELTE

ARG KRMRE-—RALTETFEEHMBRL - Ak ERITIAEERHR
B (interestingness association rules)#y 7 ik » b7 A 7T S B LR R A R B Z HF EME
BEGEZERS TREEAALE A HAXHFEKMRIZHEE SHRA 0 MHE - LF 14 (truth
value).d B 41 B #H B AR F 37 F (evaluate) A H R B T B A - ARKAHETF -
B & E A2 B ML 5 B — B oA F# i (single precise value) » Ff VAL AT 1 40
(tuple) ¥ A EH R E#H AL TM - 2 "% T & K (1, definite true) A & " # K & 18
(0, definite false)d#& 7T 4 o B4 X HH & ¥+ (Zadeh 1978) » AH B XM X AFMETRK
TI(Truth(t)) = F = # % o B (possibility distribution) g & & » L PR TFHERE 58 HH -
Truth() Bt Z A EE FRALBARERTAEEEZEIRMES -

VABE ) i 3% (fuzzy logic) A Rt eyt A 7 X > TRH/EZAHHAFEN RS R
(most)” ~ “3k # (very)” % v &L & # i 4 (linguistically quantified proposition) L & 14 44
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R FE L3R4 o ARIE Yager (1984 & 1988) A7 B it - — 18 3% & % £ (linguistic summary){2 %
— B ERER G 0 B AR EH&M S o AR EA — BB E & (fuzzy database) F 374
A AT R WA EEFTERAAGENBEFERE RS @ LRk Hidvos
TeE sk & LB %00 5% > Zadeh (1984) A0 S 4738 35 00 & K330 42 s — A X 3}
EFRXPAEOEILERE S AT/ H % 5 Yager (1984 & 1988)8]42 vt OWA & 3
# 3 % (competitive aggregative) i & 5 A ) 5 — R ATHFEF LA - RS EZH £
By E RN Zadeh 89 F ik AN RECEILERMHGZ L AT/ ; & Yager 89 % %
A FAME R L g EEMEZ ZR -

WA Zadeh FIR B X ABE AT & EHMASLBEATEHEFTABAR
(Heckerman 1996) » B s K#F %3 Zadeh 893 E 5 X » Rk R 0B B & 8%
ABMEHBEZLTE - Zadeh v BB HE B X TR TE ¢

Q Y’s are F,

EF Y H—HMES(fuzzyset) FHEYZHMTES QB 0RAER - HRiLGH
FALAFE > AN RREBES Y FAF(clement) X HB R BABEEMTESF 2
RBE Bl TREBOWBRBELLLRBREFRLEREQDY) Mgk UA A
2 (NORMAL,0.16)@ B TG 14 & (High,0.87)(F) v & 4 #3 B B R 8] UA = (NORMAL,0.16)
& TG = (High,0.87) = Thrombosis ==2 » A AEHEH B 2 0B EL Y -

Y 3.3 BB RY 0 RIEZIFRAEBTHE 0 A A ol T A X B8
A & #} & (fuzzy relational database) -

& &/ Z (Hsich 2004) : ££ 41 B Wt & # & 49 & (fuzzy relational database schema)® — & A
Z B & 7] R(AL,...,An,ur) » 2 r A48 #3 R 2 8 # M 5 (fuzzy
relation) > Bl BB T T £ %

r={(t,wt)) | t € Dom(4;) x ... x Dom(4,) n (¢) € [0,1]
A p(t) = min(u(t[A1]), ..., 1(t4a])) },

A A Dom(A)& Bt 4 2 BB » p(t[A)EBEACL0O)HBABM A4 2 5B H#

B OB BEEuO)Z 8B JHE -0

5% & vg (Hsieh 2004) : 3% “Q{tl,...,tn} are F” & — 2 AL B & 4 » {tl,...tn} BAE#E

BT e MZEgEFMastEFrR%

Truth(Q{t ,...,t } are F) = u, (ﬁz;,up(ti)) ’

E ¥ p.(0) & F #HRANt,001)) 2 AB 5] L F 14 (individual truth value) » 13" 1 (1) & F #

JEABEH B A B 2 288 T35 A K {f (average truth value) ;s ¥MES F=F v ... v
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Fuo /EIIJ,UF(I‘I') =max’;'=1(,upl (t,')) ’ '%‘7}%#}1 %{3\ F=Fin. ... AFyp> /E!IJﬂF(ti)z min,}"’:l(/qu(ti)) ; Q

L AEEEREATREZEHES  Flr K S H(most)" Z MM ESTELS
1 for x2>0.85 :
Mo (X)=92x-0.7 for 0.35<x<0.85 -
0 for x<£0.35
Rl AT AP HEMABRA AR LA REEBZIRBNESTF > &
EHRFIAEBYOMBRA - LA K4 PHRAIBHMARVATEAFESFKX > 44T
BEMAMBEFEFEAMARBAKIE 12 LEEH - A3t 121 EEHE S TH0 L
ST RREAELEHFLGATETENTR A ERN 4 RERETH
ZHEEMWE BT

(MRA 4 mER 12EERTHR FEHPTH 121 EXHZER ATHE - Hldo
Bk 1 2185 A F 2L min(min(0.85,0.99), min(l,1), min(0.8,0.98),
min(1,0.6), min(0.95,1))=0.6; % 2 ¥ & # ¥ > i EH £ 4 TG=(Normal,0.0)
2 TG=(Low,0.8) » Z A&k %% 2 2 BHALEH % 0.63 -

QP ERBMESF HEAEH AN B LW PFHATE - BRUHRINFES
BAid 060 REFELEWFTANE  REHEFRANIERTFHATMES 067
HANBRNAETEAARLME AR TEELNESHE -

G EVEBILEHEIZALETE - BRKRSE (most) BB ELZHB IR
£ P AT BB 4 BACERHIL X AT E B Mnos(0.67)=0.64 5 T A KA
TAEZRA 4T K S H(most)ym BB R R BEFRAEREQDY) AL 0
¥ 2 TG=(LOW,0.99) . RBC=(LOW,1) . PLT=(LOW,0.98) 2 IGA=(LOW,1) H
T-CHO=(Abnormal,1) (F), A KA HE % 0.64 Z &% -

x5 EMEHERGAR

Nl 1 oA | Tao o b oM :
1) ...1 (Low,0.60) | (Abnormal,0.95) | (Normal,0.22) | (Low,0.80) | (Low,0.85)
2| ... (1ow,0.76) | (Abnormel,0.64) | (Normal,0.33) | (Low,0.63) | (Norma,0.00) |  (Low,1) L iow D 3 2
3| ... | (Normal,0.47) | (Abormal,0.96) | (Normal,0.08) | (Low,0.99) | (Low,0.31) (Low, 1) o l@ow, )L 3 2
4 ... | Norm,0.10) (Normal,0.69) | (Normal,0.18) (Normal,0.00) | ... | Low,1) | 3 2
5| ... | (Normal,0.48) | (Abnormal,0.72) | (Normal,0.39) | (Low,0.34) | (Low,0.23) (Low, 1) ol @ow, )| 3 2
6| ... (Low,0.35) | (Abormal,0.87) | (Normal,0.00) | (Norma,0.54) | (Low,0.39) (Low, 1) i @ow, )| 3 2
7| ... | (Normal,0.10) | (Normal,0.60) (Low,1) (Low,0.46) | (Low,0.60) (Low, 1) L l@ow D] 3 2
8] ... | (Normal,0.34) | (Normal,0.54) (Low,1) | (Normal,0.64) | (Low,0.55) (Low, 1) Llow, D] 3 2
9] ...1 (Low,0.97) | (Abormal0.64) | (Normal,0.11) | (Low,0.71) | (Low,0.83) | (Normal,0.04) | ... 1 (Low,1)| 3 2
10 ... (Low, 1) (Abormal, 1) (Low, 1) (Low,0.80) (Low,0.60) (Low, 1) oo | (Low, 1) 3 2
1] ...1 (1low,0.67) | (Normal0.31) (Low, 1) (Low, 1) (Low,0.34) (Low, 1) L l@ow, ) 3 2
12 .. (Low, 1) (Abormal, 0.68) (Low, 1) (Low,0.77) | (Normal,0.29) | (Low,1) ol @ow, D] 3 2
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Ellf’éi’?uﬂﬂéié’azﬁﬁ I TR R EH PR A BEGEARIE - TARS
FTRGRA - BN AR CERAEFZ RS R ARG EERAR LY SR
MR AR EALTRERATHELS  RERAEFHES X EEI DR
BXRDEN > FROGRAEBFAREA L ASARBERZBREAREE KO HH
AMEELARY ATREBRABTEH LT HY ﬁﬁ#%ﬁ-%‘*%?w%* AR IR
HHAABREAENGEHEDEERLS  BEEEANEARLTTEN  GAHA
B s HHE M BRATHBER BRI ENES - B EHE T HEMK
EREZEAETEAZHBMAE > F e A SOM b @M% K& 53 ik L5k
BZAERTASH - F W AER MBEA R A7 @ AT 0 EH RS - B RN
MU EREEZ MBI RN ASS R ERATETEF LT EEH W
B > ARYHETERE Eﬁﬁfﬁzﬁ#ﬂfimﬁﬁ%ﬁaﬂ R RIFIEZERED 5%
TR A AR R B BT 0 BA ARG F AR BT ERA E RS
RE BREZEMMMREERAEWATHER - AMEERBMETHERA L
RYE-—BREMNRDERERSN  ERBBREIHEAREZ % AHMBRB &4
BREAREHEFRZBRA ABEGAHBRANATEYRAL EEXE 284
THZHMBARANER A - A B EMRABRR A TR KRFFR T M A
M AETHRIHBANELE R ARAANARXRBAT » 6,548 (o)
AKX BB R -
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P} 8% (PkDD 2003; Zytkow & Gupta 2000)

R BRI A B B AR A 3 P

F<#% 1 : PATIENT_INFO

WAL B A B HHA R
P_ID B &R varchar(32)
Sex 3] char(1)
Birthday 4 B date
Description Date g BOEHF kR A B date
First Date % BHRPIE A date
Admission P ik« " 420 P M char(1)

4% 2 : DIAGNOSIS

WA B # 9 FHA R
P_ID % B &R varchar(32)
DIAG DATE PRAH date
SUSP/CONFIRM | &7 % 16 : B (~)/ B3R char(1)
DIAGNOSIS 5T R B varchar(32)

AEHEHRBREE
FROM_TEST 'DT’=TSUM_A ; *ST’=TSUM_B char(2)
FHE 3 : ANTIBODY_EXAM

WAL & A5 3t 9 BH AR
P_ID 7 & &R varchar(32).
EXAM DATE R EAE A LSRR A date
ACL IGG ACL_IGG #.88 #n) {5 number
ACL IGM ACL _IGM 3z 8¢ 42 Rl 44 number
ANA ANA 88 48] 5 number
ACL IGA ACL_IGA 483 {d number

N ‘é:é__ i‘é.;,_i_,g N Ao aA ’"“
KCT I;,Cé i RSB RAETREE varchar(1)
RVVT ik e & B a3 "+ R EF &
RVVT B R # varchar(1)
;-v k& ‘Q‘:'; 3 :;;-;7_’_: 7 % e ’?c
LAC Ir,;z; o iR R RAEFTRE " varchar(1)
BRERE 0 & w1 EF R
THROMBOSIS R RERE £ o B R B FEFR number

Fo2:RE 3R
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7<% 4 1 ANA_PATTERN

W s ‘ # AHAE
p_ID 7 &R .| varchar(32)
EXAM DATE xS B date

‘P’ = Peripheral Pattern [DNA]
{SLE, PSS, MCTD, DLE, SjS, DILE}
‘H’ = Homogeneous Pattern
[DNP-Histon, Histon]
{SLE,DLE,DILE,SjS,PSS,RA}
‘S’ = Speckled Pattern [ENA,NAPA]

ANA PA varchar(1)
{SLE,MCTD,S;jS,PSS,PM/DM,DEL,RA}
‘N’ = Nucleolar Pattern [Nucleolar body]
{PSS,SLE,SjS}
‘D’ = Discrete Speckled [Centromere]
{CREST,PSS}
#Fi% 5 THROMBOSIS
W& R THAUK
P_ID 7% B &% varchar(32)
EXAM DATE 5 B i date
EXAM_DATE/ PRy R E & R date
ATTACK DATE
SYMPTOM S AR SR A B LR B 0 varchar(32)
HEE 15 28T ATRBEHREK
0 = Symptom

1 = Symptoml
T
QU}\?CK SEQ 2 = Symptom?2 number

3 = Symptom3
4 = Symptom4
5 = Symptom35

%% 6 : LAB_EXAM

L A THAK
P_ID % BB varchar(32)
EXAM_DATE A5 B date
GOT Normal Range : N < 60 number
GPT Normal Range : N < 60 number
LDH Normal Range : N < 500 number
ALP Normal Range : N <300 number
TP Normal Range : 6.0 <N <8.5 number
ALB Normal Range : 3.5 <N <5.5 number

Normal Range : N > 8.0 (Male
ua N> 6.5 (F(emale)) number
UN Normal Range : N <30 number
CRE Normal Range : N< 1.5 number
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HERSRERIEERREMRERR
T-BIL Normal Range : N <2.0 number
T-CHO Normal Range : N <250 number
TG Normal Range : N <200 number
CPK Normal Range : N <250 number
GLU Normal Range : N < 180 number
WBC Normal Range : 3.5 <N <9 number
RBC Normal Range : 3.5 <N <6 number
HGB Normal Range : 10 <N <17 number
HCT Normal Range : 29 <N <52 number
PLT Normal Range : 100 <N <400 number
PT Normal Range : N < 14 number
NOTE 3% varchar(10)
APTT Normal Range : N <45 number
FG Normal Range : 150 <N <450 number
AT3 Normal Range : 70 <N <130 number
A2PI Normal Range : 0 <N <30 or TR number
U-PRO Normal Range : 3.5 <N<9 number
1GG Normal Range : 900 <N < 2000 number
IGA Normal Range : 80 <N <500 number
IGM Normal Range : 40 <N < 400 number
CRP Normal Range : N <1 or N =+’ ‘¢ “+¢ varchar(4)
RA Normal Range : N = ‘+° ¢¢ ‘4 varchar(4)
RF Normal Range : N <20 number
C3 Normal Range : N > 35 number
C4 Normal Range : N > 10 number
RNP Normal Range : N = “+°, ¢ “+¢ varchar(4)
SM Normal Range : N = ‘47, ¢¢ ‘+¢ varchar(4)
SC170 Normal Range : N = “+7, ¢ “+¢ varchar(4)
SSA Normal Range : N = ‘47, ¢, “+° varchar(4)
SSB Normal Range : N = “+7, ¢ ‘+¢ varchar(4)
CENTROMEA Normal Range : N = ‘+° ¢ 4¢ varchar(4)
DNA Normal Range : N <8 number-
DNA-II Normal Range : N <8 number
=% 7 : DISEASE
W% A # AHUE

P_ID 5 BB varchar(32)
DIAG DATE e B date
DIAGNOSIS BB LA varchar(32)

R R A

‘C’ = Collagen disease
DIAGNOSIS_TYPE | ‘D’ = Non-collagen disease varchar(1)

‘N’ = No diagnosis

‘O’ = Observation
COMMENT 1 3 varchar(128)




