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Temporal Data Mining Framework
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ABSTRACT

Temporal data mining, the incorporation of temporal semantics, to existing data mining techniques, refers o a set of techniques for discovering
implicit and useful temporal knowledge from latge quantities of temporal data. Temporal knowledge, expressible in the form of rules, is
knowledge with temporal semantics and relationships, such as cyclic pattern, calendric pattern, frends, etc. There are many examples of temporal
data, including patient histories, purchaser histories, and web log that it can discover useful temporal knowledge from. Many studies on data
mining have been pursued and some of them have involved issues of temporal data mining for discovering temporal knowledge from temporal
data, such as sequential pattern, similar time sequence, cyclic and temporal association. rules, ete. However, all of the works treated data in
database at best as data series in chronological order and did not consider temporal semantics ‘and temporal relationships containing data, In
order to solve this problem, we propose a theoretical framework for temporal data mining. This paper surveys the work to date and explores
the issues involved in temporal data mining. We then define a model for temporal data mining and suggest SQL-like mining language with
ability to express the task of temporal mining and show architecture of temporal mining system.

7IME ¢ AT HIOJEIDI0|'E (Temporal Data Mining), AR(Survey), ZAYUNI(Framework), AlZt GIOIEIOIOIE SW(Temporal Data
Mining Model), AlZ} GiOIEHOOlW AIASE & M(Temporal Data Mining System Design)
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Ftuletg FAlo| e,

o A& 3:awizte] MEL BH B9 w& FFo 93N
WA

o AA4:oH FAEL B 5dS B4 F 22 F
of W& Hol:x Fdo] gt}

o XA 5: a7} 7] o|H oir] 4Fe] 73 HELS
60%°1t}”,

o X4 6: 5T Faee v AE o F 249 50%
7t &gell vite Be} vltle CE o §in)

o Y7 Ao Frt= IBM F4 44 -> Intel 74
8t > MS 74 g #A42 A uF |
Fol HA,

e 48U AS st nale 50%7F A Wi iz
Zd Wrle BE di4stn BY dldrzt By
2 vltle C& do3i)

AA 1A & ARl 71 @1 e “YaE
& THE AHA7E $AHE P E FEHS AHE &
QAT “dhd g olEE AL AnE s A A
7k vtol & BT wAE A 4 glE FEH e

oj¢} o] A7t AL AAFHIG 2L 7E XA 3l
7 BA(causal relationships) ¥ A3t #4 T3} & Az
84 & Frlske] &% Aol

2.1.1 M3t Holet $57
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base)olt}. AIZFAY djoletulol 2y FAY Rdw g2
& dojet 2o A2 AdE F7He A2 A AHY
g ek ohs} HAd HAdE A8E Z8HoE Y
T UTH2L, 38, 42-45). AR dlojetoj2E ALt
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AdE Al FEIFoR FHE EARLE U BF
FEAG] AHo2 B HEg FASE 7ge
2 @ EEAA Yo S FEE o dudE B
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71 & e "AE A7 =8 (temporal logic) E@4)
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27 54 FAF vz g dojegd zopd £ 9l
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ANol EASE B97t won gy 23 AHs wE
oA 5 oA [N E FAHo2 489 Xyo] i
Fr8¥ AL ohisln siom Algte Zuy 23 z
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MRE dlolglololy ol NE YolN dFH HE&H
Az kol 7HE AT BAl Sel® Az N9 &
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oA e #8498 2A FH Ao dF A §847
ARbel we} A&Aon ANHE FHY B EAz 2
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2.3.1 N 84

HAHE A9 84 Hrbel oM Az BAE ua
@ o8 A7t Y=

GSP oM & &3k 44 (proximity) H718 948 A
T A 2A3 AN A5 Aol AT )
& £AYHIME FE AV 2AF F FE Br 2As
= A A9 2718 adsA gonz 846 Aa
He B97t AR GSPE A&7 nle] e Az
AG 24T Y9)g BE3= Sy Be By
oA ol EAE HEdUT BH £4Rue 74
3 delel & 98 FP(temset) ©) nile) e EdA
A el Edte FEE2 FYEQAGT sHaE nAe
EdG4o] A RSN HASdYE 2o gy
gl 8 Aoz Fe)

=8 4 By B (market basket analysis)& 98 A
AL wolet2RE 999 Eat¢ MWW (surprising pattern)
& B AT FRIATHIL. 129 dBFY ")
Azt ozt Waste 2o A VTS malsir g
o v, o] AF= ANAL Holels ALeAs} A A%
+ Azl g Aadesz £98 ¥ AaWUE sd o
B ¥59 44 PXE wotdld MAHozE Wy ux
7 GAT B 9ESoM $A MiEs} 28 Ede AP
TAE A § Qo)

A71Al &2 WY @Al ME AzbwE pol @A R4}
AR ARE Vg dANE 2I39UE PE dr)H B
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2.3.2 78 #

& A A F44 9 ez BAE FHY K
E 7|7 Wi @bk desid & A gAY 73
& JANHANE o EA, vidde EE + Je=2
FHE A&Hoz AN, @ =Holol @t o 73 #
2] B4t 53 ¥AA vlo]d(incremental mining)ell thE
AFoA FFHoz thFojxrt

(15 d#73 HAA F71d EARETG AAd E
YA R AT gEY AAxe NIAxE AN H,
HAE AZ doletwlo]se] WY FEo HgFo N
FFHE AN HAH vloly JHE ALEAT o
e dojelwo] A Mol A wrlth WA dlo|ehH]
ojxo] tha) ARTH HALE uwtEH ok e wEE F
o]7] fia) At At EF dioleldof 29 Zeo] dlo
B A4 EWNA "ol F2 wAEE Fd HEE F
Qe gugFe] A= ATHI6]

[29]= Az HEE ol43te] FAY doletel s
vpolyd ZPe FAY £ g HAF A@H gA 43
258 Adsidch. AA dojeiuo] 2o dis AT &
AHE £3ss Aol opet AMEAZL W ARG A 4
To oA AR G EARNAS] oA HAE
S8 § F, NEY FHYR A2 BAS 73E v 2o
71E FAo AT xS HAME "HAHADGE 24
| (strong rules)o2 W@ste] BAs3, ohd AAjse
g el Foltt

24 8% A7 FH

2.4.1 AR} wlolet vlojyd Ajxe}

Azt dojelutolde] FoAE B3I A AFA of
A F3g Ao AEso AA dou 54 Eofl #8
371 918 Azt vloletrtold 7Y A&H R AFHIT

dg Eol 98 Rl BAY FoF oY wHoEHRE
B AIZE A4S gAEtE A7 AN o)F B3
Y 79 GEEL 94 71T ¢ A FAE B4
224¢ $E F AdE FEF AYE BAE £ UG
[40]. RX Z2AE[0lE &4 WHA 2L AH2 do]
B2 RE FAY E3¢ AF BAE GAEE vl
719 e AT 2 ok e &8 EokelA At
A2 g gAY A% 77 FYHAT

a2y o @ ATFEL A7iAN EFE AR vlold
718 gRE B TR A& B ot dole
4¢ ooz EdE 7gelolA d8&F Ak Holek
Ag37lde we EARE 7 .

et FoAI7E whold 7IEE BF A¥sn dgF
Holel2RE A7t A4 g FEAHCE HAME Qe A
7t dolgivtold Alzgle] tig A7 iEe] Basdin. o &
f8AE AA, 71& DBMSse] Fo]l ATHolof dn

B3 &Y dolgrield 2¢E 13 DBMSAAM EE
doletrtolyd AiAEe] AYE Fart 36l &4, o
4% A delgE B&HoR AFda HAYE + e
A% &, %3] A} A<(temporal indexing) 71H[38]34
o] 7|Hte 2 ¥ A3t viold ¢mAFo di¥ A7 H
23, iAo g vt F2E A= ANAYY
7HA ol i@ A7 gRE

2.4.2 NZHRA T3 gt

71& A3t diolelulold AT EdMAY A Al (time
point) ¥ 7HA Az dlelebE R glom A7 7HA(time
interval)& 7}3 dlolel: A9 z:estn AR Yok 19
U AAANNE Bxe WY AE T oy, ) 21§
3 e veke A7 dojelrt EAsH o|Z2RE o
g FRF 24E Fold £ Uk 4E Y ANUUNEE
74A to) EdMAoR FAE doeuel a2 RE “HY
L AE 9% mAe 50%7F th&el Htie B HTIL
CE d9du e e &4 Ha®y ol “vrje AE
i@ mAe] 50%7F A e 71 Fef vt BE did
&1 Be b7t EuE A HYL CE do@t” &
88 A7t BAE Fopd & Qlvh Allend AIZHHH A
ole] WAY 4 Ut AMAAL ANBAE FE & UE
A7+ A AR interval operator)E A 2)8HtHB, 23, 26].

weld AZREE daAE 7o AZbE dleojelE
He] A7 A T3 (temporal relation rule)d E&FHOE
AL e 7)ol g a7t "ad

2.4.3 4F N7 22

A gule 7] dE2A N8 F denEg Fof vn
e o Azt RdEo] EAU) AE W AL 9%
A(continuous), A% 4 (discrete), A& (inear) 5% #&
OE 44 7Hd e gt 9, oy ¢
53 & o& 39 2¥Ee EA4dr. a8y e
9 71&E N2HEL EF Eopd g Al 2dTE 0§
. melM B4 Rdd F455HA ¢ o8 & AT R
98 Az £ o HEAUE A7 vleld 7P gt
Q77 "ase

olgigt A FA el AT A9 f-84 BI A,
A v (granularity) 34 Boll izt B} MAE e T
7+ das

3. Azt djojetojold 24l

AlZE dojelutold & FAHAA AAHA A7 A
o]FoiAA 1 glerng, of FelAE A3t Hojetvioly
EAE W¥s Fesr] AF A delelvield 2dE
Aereth, 2ejn @eld AFE A vield 7Y FelA
A BAe SHE 97 Forlunz Adsn A 73



BASE AR moly whg Wigoz @,

WA NAY A} BAE A@ F, o8 wuoz A
3 diojgotold dejojql TMQLE 4A&T Al =4
HAHE Y RdE Ao

31 24 He

3.1.1 A7k BE4

ARE A A2 AR gEig Az A 2A S AHAE X4
oith. wetM A AL HEs BT HHME A
A BHE 4 e B0 Was)

MZEE 4 TimeExpt [12]004 #gket AAY hd(ca-
lendar algebra)& #7134 W& IPHEE ¥FPsd ¥
¥ 471N AAdE ABnFY JAPos Hegyr
TimeExpe A4 & HAstsle] F8¢ ddy TAY
(calendar interval expression)® #714 W{¢ FAY =
7] ¥ @4 (periodic expression) o2 FA @t}

B9 31499 FEA o= fIl U (7)), m21, Uiy <

Uelth 94714 U NBeS, & Ud g 4 W3,
Une Ha AE9olt) »71 HAER god U, Tojel
d &% RE A7 9wt

(= 9% A3(time point)® AIzHZe] AP v%
EAE =+ vk & Eol AUY “Years(2001).Months(1).
Days(26)"& “2001'd 1¥ 264" 9Ju|3}%, “Years(2001).
Months(1).Days™& Alzbzb# “2001d 19 19~19 319"
£ g, =@ “Years(2001).Months(1) Weeks Days” =
20019 199 Fd 71 E sy Ha Azugs
Daysol22 Azkzbd AF ((-1,6), (7,13), (14,200, (21,
20), (28,+3)}0.2 HEY + Atk -1 20004 129 319,
+32 20014 29 3¥& £=@.

Aol NHAE b F BUCNE CL= (v, ve), CLy .

=(vs;,ve,)8 2 W CLF CRLAMOl = At BAE 7
A 4 UATHEL d7IA we NRNAY N, = 2R
Aol

A9 3.2: YA NGBA R(CHL,CL)={P(C, CL)
| Pel0}, CL+ crelt}, ’
AR Ao AE 10 = {before, equal, meets, over
laps, during }o| 3. P(CI,, ChL)E CIL, CL3S A3 #AE
EHste o]F &ol(predicate)o)t}. R(CI, CL)E Y&}
Zol #¥Ho2 FPY 4 ik

before(CI,, CI,) = ve,{ vs,
equal(CIl R clg ) = (USl= 1)32)/\ (ﬂe1= veg)
W@&‘(CI] ’ CIZ) = ve, = Usy

overlap(CI,, Chy) = (us;<vsy) A (ve; > vey)

AlZt CIOIEHOHObE ZRIIRIT 371

dun’ng(CIl R CIz)E(USO !182) A (Uel < uez)

& Eo NIBA “overlap(Years(2001).Months(1).We
eks. Days,Years(2001).Months(1))"& “2001'd 19¢] =4 7)
T FAM 190l XREHE 710 omaEe, A4 Y
{(1,6), (7,13), (14,20), (21,27, (28,31} = AP £ 9l

% dede AdE M F 49Y oY e ds
713t (contiguous time interval)& T HEY 4 ok RE @
dd B84 IPe csolgn .

A9 33:9% e [af,caflelY. @, cfecs
U{—o}, CIf « CIS U {+o}o|T},

48 ol [Years(2001).Menths(1).Days(1), Years(2001).
Months(1).Days(31)]& “200131919~149319" 7A=x 9 7]
& FP P} -0, Years(2001) Months(1) Days(1) 12 “2001
d 19 19 ol #”, [Years(2001).Months(1) Days(1), +o0]%=
2001 149 1Y o) F"E FEE}

m—]
39 34:37 B8 PT:=U,- LIlU,(r,-)-U,.(am:

bu), m21, Uy KUPIY G714 4, a,, b, U, o et
Bz WEelx, Uy F7) @ ¥(cycle unit)olt},

o4& Eo “WeeksDays(2).Hours(12:13)"8] #7] Ed
He ‘i 42U0HA 2Y) 124 ~13/0"8 FHsn 3
7139 Weeksol .

A719 HAERRH NPREEA TimeExpg Ao 3}
EE 499 2849 ¥ as, AIY AzkgAe] A
& CRS, 9% NBTY FEE TIS, F71¥89
& PTSTHI 39 TimeExpe the3} go| Ao}

A9 35: NTERY TimeExp = PT* for CITO|Th o
714 ¢ PT*ePTSU{e }, CITeCISU CRSU TIS®|t}.

& AR AN HY, U0 ABBA, 7)o
2 7€ A A" Sdel wAEE A7 378 7rga)
A BRE F )en 7} & e g

® Days.Hours[12 : 13] for Years(2001).Months, Weeks[1] :
‘200019 A |A F F oY 1241 ~134”

® Days.Hours[12 : 13] for overlap(Years(2001).Months(1).
Weeks.Days,Years(2001) Months(1)) : “2001'd 19¢] =
4 712 FollA 1490l 2R E VI B9 Y 124~
134)"

® Weeks.Days(1:3) for [Years(2001).Months(1),Years(20
01).Months(12)] : “2001'd 19 ~129 59 v Yeu~
Fa4”

¢ for [Years(2001).Months(1), Years(2001).Months(12)] :
“2001d 149~1249 B9
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3.1.2 NzF A4 gqA}

AzZE AR L A Aulst Ak Ak 23E THAE A4
o2 Ao} AL vl A AYo] EHT e Al
T AL duise, AA e ZHG AHo] wEHHo}
¥ A4 fede dritith At A4 71E dlolgv}
old TH& ¥Fstel T Fo] HelErt

A9 36: A% A4L <Rule, TimeExp> ¥HZ B
¥t Rule A&7, £7713H 534 2L 71€ dolewt
old T+¥ ¥4 FYste, TimeExp Azt ov] % Al
Z AgzAe FAEY 499 Ruled TimeExpE WS
sjoF gt

AZE AY Al oo Foid A3l dole2RE A
AH L Al BAEA g3 go] Aot

A9 37: ATAY FAe 4 dHojgulola ZRE,
g AP YAANE HFdE RE AILXA <Rule,
TimeExp>& ®AHME &4 ot

A= AAE, NEe ZL 71E 9AA 9oz ¢
o A A FEA XA JAFA, AT 925 27
5% 25 g

3.1.3 Azt AH GAF of
9 363 A9 37¢ By TAHEI AR HolEtn}e]
Y71 EE2 A AY g4 BAE Aoy did 2.

o A7 AFTFE AL

I={i}, iy, i,} & EE 59 JFold 31 EAYA
52 TAY dolgde|AE pEa ok EWUMY S+ E
AAA-ID, FEAY, EANH] $AF EgHYagZz T
AEY S=(tid, itemset, tiemstamp>, itemset<IZ FH L,

A9l 38: A7 ABFAL <AssoRule, TimeExp> ¥e|2
EEEh AssoRuled Xx=v ¥4& /B9 xcy, YcI XN
Y= 0o|th. TimeExpe A9 359 AREHH2Z Az}
A9 RAYol™ O(TimeExp)={p1, b2, 0.} 22 HHE}
Aq7|M pe AMIH T

d& B9 dEAY AL ddRAHA F1H d#AH
AAY AAFHL 7[E dBTFHE EF3Y g7 2o
F@HEY} <FA8=> W&, YearsMonths(3 : 5) for [Years
(1998),Years(2000)>& #7134 Q@3 Lz “1998d ~2000
W o oid 39~599) SAE Frsle Age UE
€ FF"E v, YearsMonths(3:5) for [Years
(1998),Years(2000)]& 1998 19¢ AlRAHeg & A
49 A {(3,5), 15,17, (27,29} sh4 €}

E§ <5438 => UE, for overlap(Years(2001).Months
(1).Weeks.Days, Years(2001) Months(1))>& #dr |o7
oz ‘019 199 FE 7FAA 199 X§HE 7]

L F¢ FANE Foste AES UYBE P E o
Lk id=3

ANt ABFHGME 71EY AR, AHE A= /&
A FAA AT AEGE N2E JAAE S
deje] ANZE pol EASE dlolgho] Do) REA
gg& D(pEtn B ©, pe O TimeExp) 0t}

UM HEA AFHUA 849 A A fEe AL
dETHLE EREE <F 2>¢ 2.

(E 2) MZIA33{(temporal association)e| ##

F7199 Azbo] WasHA FrHor ¢ 4. 241
(cyclic pattern) | A&t sgojc), 247

g9r A9 | ddds 5Uy 5 e A AT 02
(calendric pattern) | © & &&= MEloln, A4 4
&4 485 2952 a0 ¥
A%E AWOET & Ao ohE | o, A4 5

SHAE L wae gael HE as B| A4 6
Ag A
NAD delelol A Agte] s29

Atend M a0l WHE AHos W% |d A4 7
WEE A3E 5 U

N R I

VAE EEE Ayl

A9 39.1: p(pd HAL AAE S, HL: AFE
Cuin 18 BE3= 9099 AssoRule] SARUIH, <As-
soRule, TimeExp >¥ p& W&{)

A9 39.2: <AssoRule, TimeExp>7 O(TimeExp)l &
3 ANZH Y f% ol dE UHATUW, AssoRuled Time-
Exp& W& o] r% & A A =(minimum frequen-
cy) Funm©lEhE Aot}

A& Eo dBTE <543 => YE>o| AIBE4 “Ye
ars.Months(3 : 5) for [Years(1998),Years(2000)]>"7} %@
s {(3,5), (15,17), (27,29} FoA (3,5), (15,17) &4
FHAANAE HEABE ol UEFUHE HPEE 66.6%
O3, Fop©l 50%8HH o] 73& A7t EEYE TEHJ.

A9 3.10: A7 ABTE FAE dioletdo]2 DERE,
A7 ulE] AR i FAE Fo, ol dEe H4 R
A% Sy A VNHE Cind UEIE Y] (X =Y,
(X =Y, TimeExp> & HALE = EA ot

ZEANoZ A dBNHE LAEE nHFoEAN A
e wiet ABele AdETHE AL A

o AT EF 73 g4

EHE 98 doleidolx DREEH &% Edold b
ole} M3e 75t @} TSE TAE EYRH SE E
WAM-ID, FEAE, S 2l ERNHo] BT By



LYUZE PSS = (#id, itemset, ClassLabel, timestamp),
itemsetc 12 RRTT. YEIAYL £F 718& Ve

5EE TR Zds Ade 4 EdNMel &9 &
#H2E YR,

A9 3.11: A7 BRFHL <ClassRule, TimeExp> 8
HE EH¥rh ClassRule® < ClassModel >34 & 7}t
TimeExp AZPEHEA O 2 (ClassModel Y0 259 A
At 2AE& FA T

A€ &Y 179 JLE 42 & 5o gAEAED »
d& &Y= ¥F T <Decision_Tree, for (Years(1998),
Years(2000)>83 &®H o] F3& 19984 ~2000d 7 A 2
3 FHolr},

(T DI & A A3t #AE Yehile Y999 A
T A%E THER Jo@r,

39 312: A EFTE BAE EdolY dojel A%
TSERE, AL A% THE 4384, A&7} vig A
F AIRMAYF 23 TimeExp® wEsbe 73 <ClassModel,
TimeExp>& ©Alsh= EAoluh,

dE EF 149 NLE d3 & 98td 149 1}o)g
7|ELE ALY 9 THE o489 A 2§& dwEY
o2N Bt §39 BF 7He 448 5 ULk

At AAFAL] glol BIARZE E@E Ald E:
EWAAQ doledolae [20]44 AAE upsh o] Az
44 diRE FH AL 3F dolEuol2s wagE,
OJRA #o2H Mz dE NHd Y4Y AAESE AT
AL Ze ARRAE2E d8RAY 4 doje o)
€ ANHOE 2%F dolHuol2E don XuE o
UAE HEFOEH FEF AT AL garEt [46]E
ADLF Antsto] Bate] AA 5 AFEn U,

I Yo ARE £43, AR rloly EAE fAMG B
HeZ Ao¥ + gloy o eFgNE e

32 Al7} cllolelntold B elof

A BYolM HAE A A4E FAE F A= T™
QL Y& Ao¥rk TMQLS #AY dolelulo| 28 o
BoE 71ES DMQLE AN BAHE 498 + 9%
& S38cH19. TMQLL =4 ©AHg $1% KDL(Know-
ledge Discovery Language)? #]4] WAI& 9% KSL(Know-
ledge Specification Language)® FAET. £ ERdAe
DMQLE 7Igtez 3o &3¢ TMQLE thed o) &
ZE o 3t AAE

3.2.1 A4 g} 89
KDLZ ©-&3 Zo] BNF2 3% 4 Sl KDLY 7]

AlZt CHOIEIDIO I ZRIRIT 373

=€ od¥Mz mdd

<KDL> =
mine <temporal_pattern_spec>
related to <attr_list>
from <source_relation(s)>
where < temporal_predicate(s)>
with thresholds <threshold_expression(s)>
<temporal_pattern_spec> = association rules
| classification rules
according to <attr_list>
| characterization rules
accarding to <attr_list>
| sequential pattern

<temporal_pattern_spec>& HALE Al 49 28§
HAEE d2A FRuit 98 Y8 sA <attr list>
T QY gAL BF oM ARsE ddold W &
EWola <source_relation(s)>= R4 @AIE 9% A7)
Holetrt A e dHolAEE WA W) <temporal predi-
cate(s)>2 AlZh A4 9 A1t HEE FAHE FEN 9
3500 HAG Al B@H o2 TP <threshold_ex-
pression(s)>& AlZk X9 {84L HrAss] 948 AA
AE Fe A2A AY FR00 HYE 98 279 I4
X& & F 3tk o8 # <temporal pattern_spec>o] @
A GAL = oleie B}

O8& KDLE AHS8la] A7t 248 gAletE o8 »
¢ Rolrt. £BE dolelg FAsE AN Geojiel
EA gt 7,

Customer(name, age, sex, salary, status, birth_date, birth_place,
address, credit)

Items(item_no, item_name, brand, category, retail_price)

Purchase(transaction_no, transaction_time, customer, item_no, aty,
amount)

* A2t AW 7Y YA o

1997 145 ¥ 20009 129704, whd 7hg el 17
FA Toiske Aol Ee 4FY NS WAEE
Bl tga go] Aeg.

mine association rules

rekited to item_no

from Items

where Jor(Years(1997)-Months(1),
Years(2000)-Months(12))

ond Pperiodicity(Years-Months(9 : 10))

with thresholds  support = 06, confidence = 0.75,
frequency = 0.8

where HollA for & A9 359 AREEANAN Y
HEHYeR FAHE 71T It E BARI periodicity B
€ F718¥Y PTT @ WAYY.
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o AT EF Y Ao

1984 ~20004 Apolol 7ble A} vhol, 4, Fel,
Foigel o8 NEEFE BRIV A FHE YA
dge et 2o,

mine classification rules
according to credit

related to age, sex, salary, transaction_time
Jrom Customers, Purchase
where for (Years(1998)-Months(1),

Years(2000)-Months(12))

according tod-& creditzh= o]E& 7HH A9 3129 <
assModel>& " A13l31 where H& A7t Aok ZA <Time
Exp>& %A #th

o A 543 w3 "AL 9

azef o], MW, g, 44, F2d g A 24y
< 8%3te 1A 1§ 54L& "HAS] fid &4 3
€ FAlgE e i I

mine characterization rules
according to credit

related to age, sex, salary, birth_place, address,
count(+)%
from Customer

with thresholds noise = 05

count(x)%E 2t fod 1A I1FEE a§d ¢ 1A
& 983 noise = 05% 438 Ad 448 & e L
o] Wik FERolu) EF QAo ALEEIE A7 A
S AR AN E ARG 5 U VI Zo] Al
© AHdel AAE A AFE AR

o F713 EadE FA 4
Wd FHA Rl EAHoR Fuidh: FEol 80%
A AEFY AFLE BASHE 9 g&3 Zo] @

mine sequential pattern

related to A.item_no, B.transaction_time
from Items A, Purchase B

where periodicity(Years-Months(6 : 8))
with thresholds  support = 0.8

3.2.2 A4 HA 9
KSLZ ©&3% Zo] BNF2 398 + A+

<KSL> =
define <knowledge_spec>
for <attr_name>
as <knowledge_expression>

<knowledge_spec>& @ A2 FF9 olEE FA

3 Aoltt. <attr_name>¥ A4 AL BAo)A 24 o]
H4¥ gEola <knowledge_expression>€ A& A
 Hojr}
o A7 AF A 4

o EdA AN FEo) oy Azt AZE
Alshe g#e g 2o

define time_hierarchy purchase_time
Jor <transaction_time>
as {saturday, sunday, national holiday}

< {holiday} < month < year

o uY A4 44l of

THEY gig AAY 4L PASE @Iy oo
2+ 54 YEo] ojd RE §Zo AAY AHo] A
89 Ae gua

define calendar national_holiday
for *
as periodicity (Months(1)Days(1),

Months{4)Days(5),Months(12)Days(25))

1 9jol= TMQL B4& ©| 88 tdd A4 gAtst A
4 97} Fhsd.

33 X|&] EAL 2

Azt dlolginteld Alxdlg Ao FA AT A4
HAME A% A9 3EE REYI. @4 Bde (29
29kgo] A 2AYE4(task analysis), Hojet YA ~(data
access), T3 ®AHrule discovery), 7% Z¥(rule pre-
sentataion), AJZt X 9{time support) ZEAAE TA W
Y3te TH o] BAME w7t A4 gAE wE g

(=D

F—

Task Analysis

o Chaaty
Demarnd

Dala Delection

-i

2 Mining
Damunrd

i

Rule Discovery |-+

1 Presentalian
Demang

Blule Prosantation H - e ferma
Do Terrporal Puba

W

Rule Evaluation

|

Uszhul Temporal Aue

(38 2) AlZE XA BHAL 24

R
AgAt AN GAE A8 49E TMOL 298 2



B3 ol A3 viold e oshe 2 ML)
th. TMQL Aol HEH AFEIAANE HNe7] A8 (2
4 29 A} AY Z2A2E 32T Y] B A
olgl dAx, A BAL 7 BEY ZEE AN I&
o A4 FALE Aojdte ZEA2oln

o ulolEt HAHA

A2 dlojebo] 28 st TMQL AFAN B4
3 2AE& UE3E dolek(HolE, FF)E FEH F,
A g@A ZRA2A Y8 FuUR 7HEEe AR,
TMQL #Fe Alzk Aok 21& viasr] ko Az
Y T2H2E 3E

o T FA

TMQL Ao gl JAE dojetutold g0l bt 3
g dneEFS AHsta dolgdMs T2l o A
FE deolet2RE #F3E gAY, doleirield 87
Aol FHeh Aol wEop F YAA T BA T
A Ay wojxo AET

o 73 29
A A AHEATE Ak gHE JHEse 24
. 29 el HolE, 29, 3XY 2YZ Folut

o A AY

Azt AA BALE A8 FAY 222N Qe 2§
oA A AL 715E ATED, ojHF ABAY JEe
71&9] dole] wiold 7 maAio] tide] A BHY
Hr7t718 Bt Y gAY AAd g HedE 79
g UEE FE AT FFEE TS A9 &
3 3% TMQLAA BAE Al EH4E 4, Frhstn
A7l gt ARAY 2EFY ARRE BE &
&38ke] @l AAY A4 o] &s ATREH LS 4
7As AV A4 P4E A KSL BREE d9%s 2Y
o Aoz Mg

AHgAE 28E HEE BAdY dake #48 FAY
A gGrigd, Y3t FAE FA& kY Hake
o] gAtE w7t YA F& vHro] v @A AU
HHE ST

4. A7t diojgolold AlAY T=

3% Nz deletutolyd ®dlof o)A, AHEATE 4
g3 TMQL A& #N3] At A4E A & 5 3
£ A dojeinteld Alxde F2E (2¥ 33 2o
(7Y 3 tgd 2 4 B2 TAHEY

o vlo|yd A< Aa7|(Mining Query Processor)
AHgAE7 98§ TMQL AeF9 F33 ong #4435

AlZH GIOIEIDOIE R >IR3 375

o wield Y& 4HE I viold AHAE APt WA
TMQLAAN BAIE ANBRHEAE HHer] 93] AR
4 AN29E 2&sa 8y Ao g HHHE A4 &
A} A8 A ¥ (knowledge discovery execution plan)& A4
@ ¥, 13 2R e AT AP REE 5F8

l User Interfuce ‘ Temporal Data Mining Systemn

¥
I Mining Query Processor }‘—
0 Discovery: Modules j¢—r| Time Su“m Temmml Rude
Temecral ;m 5&“"-'!“1
Aosocaton ) |__Acohets |
Torgoral
== [ [:J—L:] fﬁij
I Temporal bmr Manger | m
Krm
mmq Intorface |

(T8 3) AlZh ClOlETIOlE AlLR P

o AzEx)4 g} 2E(Knowledge Discovery Modules)

A7t ABTA EAL A BF, AP A9 BY A
B4 B3 g& A7 dojeluield Y EE dxEe
FEE 2Eoich AHEATE TMQLOA HAIE 948 Holet
B AL A% #ER2RE Ag ol HA AAA o4&
ghE el AL XA gAS § AAE A4 o]z A
A3 npold Ao HuzjelA AL

e A7zt A4 @A Temporal Storage Manager)

Azt deolglrteld dmElEe dlolele Frie wHEH
¢l dlojet Moz Qls) @A} vlgo] FriETh 8Bz
4% A7t deleld F&doz AFHL AL +
= A A% geAst gasic

Az A% BElas DBMSYUEHO A8 53 ¥Wad o
ole}& &3l dloje}l YR 2= gk A7 A< (time
index)& dlojEl A FH wo]xo AFP ANAZHY
Fe =gl A4g ol&3led B ER9 FAIE A ¥
2 T4l @ Z(leal) =E8 A AUDAE M- A
b A9 x7) B4 wE€L 285 dHEAQ dHolel A
A Ao A% P4 dE + gt

o A4 Hlo]lA(Knowledge Base)

ANz vlel g fl8) Bad BE i AAgA BE
o 23 ©AR A FAe AFE AFLE 4™y A
A £l N4, ofF 73 o] 2(historical rule base), ™
B} slojEl(meta data)® FAET AAY A& TMQLA
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A A ATEAYE Y] A8 AN 8, F
4, TFY o 749 BUdE ATt =od A4
< A dEE AE AL A T 2R oY 7
HoliE old FRE 7HAE AL 13 S AR 4
E W AL dudAY Ae FY9E dFRHoddx
AAE} MHEE Mt me} dgsng Ak AE
E9 ojHg Zo| #YFo2H 2249 73 wlolde] 7t
3ttt Her dojels AA o2 AAe T2 o A
HE 7Rt

D

o Azt A4 AlA#(Time Support System)

g REAA AL XY 75E AFEY § 2dd A
A& o83t TMQLAA BAIE AltEdEAE 34, F7}
i A FFES AT

o A7} 13 #E2HTemporal Rule Manager)

23494 AFF FIAH npold & FHFA ol 73
Ho|2g A7|H oz A, Bt F, dolgt Aol &
Ag g doletd] M vlojd & s olH
T3 wolxo] AR vIE9 FAH A2 @A 7S
Hlaste] 73 F7} WA, AbAgo

o Aga} B #ol2(User Interface)

AlZE HolEtvtolyd Al2®E BT HESA ALY +
NEZ TMQLE EE= AHAVINY gAHE 4% 5
AT A FAL AAE 234, 3349 FHE Fo9sd B
AFE vFdgolAoa =7E AFPrt

5 Al 7o ot 9 HE

51 73 ot

71& dlolEirtold A|2¥EL DBMS<e] HE W
gl ZA Y FZ(stand-alone architecture)®t W3 7
Z(built-in architecture)2 £HF% 4 U

=¥ 7ZF= DBMSY d7dd delgriely 7lvg F
3t HEe] dojettolyd =FE FEI Walolth of %
2 7]1& DBMS 49 dojetutolyd ARE Mg 78
£ dAYA(front-end) B2 024 DBMSS EPFH oz &
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