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Temporal Data Mining Framework

Jun Wook Lee'- Yong Joon Lee''- Keun Ho Ryu'!

ABSTRACT

Temporal data mining, the incorporation of temporal semantics to existing data mining techniques, refers to a set of techniques for discovering
implicit and useful temporal knowledge from large 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, trends, 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, etc. 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.

F|9E : AlZt HOIE{Ol0|H(Temporal Data Mining), HR2(Survey), ZH YA (Framework), Al2Z} CIOIEIDIOlY 2 (Temporal Data
Mining Model), Al2 GO[EIDIOIY AlA" &AHI(Temporal Data Mining System Design)
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olE 7|Wto R & A7t mlold ¥mEFol oig A7t #
a3ttt Ao g tFek ong FRE Zhe AR 9
7HA gl digk d¢trt B et

2.4.2 NaA 737 gAL

71& A7t diolglrlolyd AFE EdAMAY) @A AlA(time
point)¥HE 7H2 AJzE slojElE thRal 9low AjZt 7HA(time
interva)€ 7}zl dlolete A nHstn A ¥ g
U AA A M Bate] Y AEF 7] oY, § 2%
¥ Z& g3 AzE Eﬂ"lﬁ}ﬂ EAE o] ZRE o
7 83 A4S Fold ¢ gtk dE EW ANNEAS
7 T EdAHon FAE doleo] A= RE “vlr]
S AE U9 1A9 50%7 kol ¥lt]e Be Hitl2
CE dodty ey 22 ¢ap HuEer ofe, “Hte AS
o e 50%7 A Ul 7]zt e vt BE did
3i B do7t 2uE FA HYL CE Yot 2L

&3 A BAE Fobd 4 9ot Allend AZIHE A}
ol @S 4 gl AFAYL NBBAZS 7T £ e
A 7¥7v2 AxkAHinterval operator)E A 2l 8 tHS, 23, 26].

L S IR P o < I R o = i ) KR P > < ) 5 =8
e AZFAA FE(temporal relation rule)E ESZOR
2AE 4 Qe Jlgel U d7rF dasi

2.4.3 5 A7t g

ANZF Yule Z] g2 ddd & gong
02 oy A7 BdEo| EAgth o E EW A
“J(continuous), &d& A (discrete), A ¥ (linear)
E]-‘?— )dz\o 7].;<1 2= ;,1-9-“1 lgﬂy_ao} lﬂ—e:l o]
T4 22 ve o] 28 Eol AT 131
o 71E N2REe 51 o] @ A% B

[e]
°
=]
=
kv

E.Lmomr:ir{m
A mé‘i—ﬂrlo
R A S

o

o
P b o fe ol o Jp

ds AT F e HEAUE A mhold 7l B3
A7t 483t

olF g At FA o= AT AXY {84 B 4,
A9l (granularity) 814 Sl diE BTk A& Sle A7
7} Basiy,

3. Mzt djoleinjoj'gd =

At diojelute]d-& @AM AAHA AF7 A9
o]FoiAA] gka Jomg o] FeAs Al Hlo]Euto]d
2AE Hg3 AHosty] A Al dolgnioly BdE
Aetatcl, aelm FollA AFI AzE vlold 1Y FolA
A B =99 4T Eopolmz Ay A 73



SAkSH ARA vlold wg o Bk

A4 AR GAh ZAE BT F, o
2 dlolebsold Felojel TMQLE AAstn A7t 44
HE 99 wae AL,

3.1 28 He

3.1.1 A 584

Az AAe A7
ojt}. whabA AJzE A4l
Je& 5dE 4 e :

AZEEE A TimeExp Ietet Ay dig(ca-
lendar algebra)E F7|3 HAHE& ETHIN=E 35l X
gt orld AddE AITEY Aoz AHejdoh
TimeExpE AFEAE #A3ste 2@ A 384
(calendar interval expression)® F7]% €& T F
7] &8 2 (periodic expression)2 & FA )

1o

=]
io —
P
2,
o
’{é
vrPEJ*?“
SN
o

T
=
N
=2,
X
24

;§_g] 3.1: ;ég‘:—l E—%é} Cl:= fIl U,‘(T,‘),mzl,U,'+1<

velth A7 UE AAe, re Ul tid €4 HE,
UnS A& Arggolt), 77 BAEA ¥od U, =g
o &3 EE AE on @t

Cle 949 AH(time point)® A9 ALE BF
28T 7 Utk dE B9 AAUT “Years(2001).Months(1).
Days(26)"2 “2001'd 1¥ 26¥7& 99)3la, “Years(2001).
Months(1) Days™2 AlZH7HZ “2001d 19 19~1¥ 3197
< 9u)Ftd =3k “Years(2001).Months(1). Weeks.Days” +=
‘2001 1€9) F¥ 7z E 9vlsty Ha AdeE
Days®| 22 AIZkZE A3 {(-1,6), (7,13), (14,20), (21,
27), (28, +3)} 2.2 WY ¢ vtk -1 20009 129 314,
+32 20013 29 39S HEFoh
o

c\’:]I'o’]g] }\]Z_].-Z_]:Z%E 7}'3_]_ "%‘ Z_B_%E]% CI;=(vs1,vel), CIz

=(vs;,ve:) SR 3 CLT CLAMOlolE A|7F #AE 7
A & A8l A71A s AZNAY ARH, et FE

A olt.

Aol 32: AAY ABA R(CL,CL)={P(CL,CL)
| P IO}, CIL # CLo|th )

N E Aarte] RAg2 J0 ={before, equal, meets, over
laps, during Yol 3. P(CL, CL)E CIL, CL7YY A7+ #AE
F@sE o) &ol(predicate)olth. R(CI, CL)E &3
Zol EH oz FEY F Uk

before(CIy, CL) = ve;{ vs,
equal(Cly, CL ) = (vs;= vsy) N\ (ve, = vey)
meets(Cl,, CL,) = ve, = vsy

overlap(CI,, CI;) = (vs{ vsy) N\ (vey > vey)

AlZt HIOIEHDONE =Y RI= 371

during(CI,, CI;)=(uvs> vs3) N\ (ve, < vey)

A2 Eo] AFA “overlap(Years(2001).Months(1).We
eks. Days,Years(2001). Months(1))"& “2001:d 1¥4¢] FE 7]
7t FoA 19 EHE RRPE ouEh, AzREE A
{(1,6), (7,13), (14,20), (21,27), (28,31)}& WAgs + Qo).

T dole] ANAEE M F AEY cnd CLE %4
717 contiguous time interval)2 E&EE & v} ZE A
o 2349 J§e crsolga

A9 33:4d& 7%e [crf, caflelw &, cIfedis
U{—w}, CIf « CIS U{+o}oltth

942 o] [Years(2001).Months(1).Days(1), Years(2001).
Months(1).Days(3D]2 “2001'31€19 ~1€3194” 7A9] 7]
7+% @3t [-oo, Years(2001).Months(1) Days(1) 12 “2001
W 19 19 o1A”, [Years(2001).Months(1).Days(1), +oo]=
“2001d 1€ 1Y o378 gEd

m—1
R 34:F7] EIY PT:=U,- _I;IIU,-(r;)-Um(a,,,:

bn), m21, U < U 71N 7,4, b,2 U ol tigt
Fx Wzolx, Uy F7]1 9 (cycle unit)oltt.

d& Eo] “WeeksDays(2).Hours(12 : 13)"¢] F7] 4
“ofF 4oUd@HA 2Y) 124 ~13A1"E ZEIH F
9= Weekso]th

719] AAERRH ATHEYEA TimeExpg A<}
AUy Fd9 FAe crs, AU AEA A
& CRS, @& AT AL 1IS, F71XFH 9 F
& prseta 3P TimeExpe tha-3 Zo] o)

=

A
el

]

N
oo i o

1=
-

Ao 35: ANNEAA TimeExp := PT* for CItolth o
71X @ PT*ePTSU{¢ }, CIT=CISU CRSU TIS|t}.

£, AGEEAL AU EHA, 2 ARMEA, 7172
2 FAE A " Foko] BAstE A7 F71E e
A ZLdE 5 Qo 7 o4 g3 2ok

® Days.Hours[12 : 13] for Years(2001).Months.Weeks[1] :
“20001d A WA F T4 WY 124 ~134)7

® Days.Hours[12 : 13] for overlap(Years(2001).Months(1).
Weeks.Days,Years(2001).Months(1)) : “2001d 1€ +
g 7|2 FolA 19 2EFHE 7173 58 WY 124~
1341”

o Weeks.Days(1 : 3) for [Years(2001).Months(1),Years(20
01).Months(12)] : “2001'd 1€ ~12¢ F<t vis oYy~
89"

o for [Years(2001).Months(1),Years(2001) Months(12)] :
20018 1€~12¢8 5



372 dEMeE==2X D M9-DF XI3=(2002.6)

3.1.2 A7 A4 g}

AE AAL A ejulsk Az Aok 28 AHAE A4
oz Aoyt A7 oud Az Aol Yxan Y A
2 AGE ofujan, AA} 2ANF Ao BEao}
o A4 f44e drdn A A4L 7E dolgu
o 3¢ Sated g 2ol Aeldn),

Ao 36: A7t AAL <Rule, TimeExp> FEl2 %3
¥t Rule® d#, 27573 $3 22 7IE dolEvt
old & 43 FYa, TimeExpe At 9wl 2 A
b AkxAE FAET 999 Ruled TimeExpE 5
sof @t

AIZE A4 FAE deje] Fol AT dHlolEtREH Al
AR & gAEE TAZA T3 2o xé——]s“:}

Ao 37: ANA Y gAL: 4F dHolgtHo]x ZHE,
g A YAANE W& BE ATAY <Rule,
TimeExp>$& BASHE EAlo] T}

PARE AAE, A=) 2L 7|E JAA gz &
o A AH FE8AY FANM AP, AT xS 27
58 2% ¥3sit

3.1.3 A1t A4 @A of |
Be) 36% A9 37¢ wrh FAHS A Helehvtol
9 718 d2 A A gA 2AE Ase ohet 2k

o AL A#+H #A

I={i, b, i,} & BE &5 Aol stz EJHA
2 744 deledlo]2E pEtx ok EFYA S E
AAR-D, FEUY, EAAM0] LAT BYs=z T
A=Y S={td, itemset, tiemstamp>, itemset<=IZ F 3T}

A9 38: A7t AT L <AssoRule, TimeExp> el 2
E3Dh AssoRuled x=Y 348 7IXY xc1I, Yo I, XN
Y= o0°lt}. TimeExpt A9 359 A|ZPEHA 0= AT
A9 AFol™ 0(TimeExp)={p1, 05, 0,} 22 AT
o714 piz AITTA ol

& 9 A A AFFA FUA dFFAH
AAY AFFAL 7|1E ABFEE FAsS tgH 2o
Egdch <543 => W8, Years.Months(3 : 5) for [Years
(1998), Years(2000)]>2 7]&] Aoz “1998d ~2000
| B¢ wid 3¥~54e FASE Toidte A UiE
& FI' g 2n)as, YearsMonths(3 :5) for [Years
(1998), Years(2000)]& 19983 1¥-¢ AzFoz s AT
¥4 e A {(3,5), (1517, (27,291F s dd.

T3 <5AE => WE for overlap(Years(2001).Months
(1).Weeks.Days,Years(2001).Months(1))>& Z#dH A&
Aoz “2001d 149 F4 7|FdA 1€e] 2deHE 7]

B SARE TSE Awe YEE TogE o

tlo

AZE AEAFHAAE 71EY AAE, AIE Y= F&
A AFT TAEGHE A2 YAXNE AL
Adole] AZEZHE poll EAstE dolEo]x Do REH
L Dy Sk &, pe O TimeExp) ol th.
SA M2 AFHAUD 879 A AFHE Az
AATH R EFE <H 2>9 Ak

(E 2> A|ZrA33=l(temporal association)2

#A [Agel waeud #1908 |d. A4 1
(cyclic pattern) [[A33t= sj&lo|t}. 247
#ee A9 |addz wey + ge A |V 02
(calendric pattern) | & W&ate Heolch A4 4

574 Ado] RHSE dolo] ¥
Aoke AQoz ¥ Aol THE|d. A4 5

TR 41 wae gael 98 9% @] A4 6
Ag S,
AAL deleilA Azte] z2d

Awend) A 3ol WHHE AVoz FF| o A4 7
W5E 428 5 U

R P L |

wAE HEY Ao,

A9 391: D(pUW Hi: AAE S, H4 JIE
Cuin 1€ T3 94919 AssoRuleo] EA1&Thd, <As-
soRule, TimeExp >& »& w&3o}

A9 392 : <AssoRule, TimeExp>7} @ ( TimeExp)d| &
g A AY % oS W, AssoRule Time-
Expg %53 ol % & A
cy) Fun 0123 Ao}

g Eof d@rE <54t => WE>o] AtEHA] “Ye
ars.Months(3 : 5) for [Years(1998),Years(2000)]>"7} X%
sl= {(3,5), (15,17), (27,29)} FA (3,5), (15,17) &<t
H2A A9} AR o]} UEITH LAEE 666%
O3, Fmn©l 50%2HH o] 132 A AL BEoh

A & (minimum frequen-

9] 310: A ABFH A dlojetHle]x DRIH,
AHEAZE wE ARG HA AT F ol diste] & A
AZ Smn @t HA IR Cpn & UE3E AH (X =7,
(X =Y, TimeExpy S BAIshE &4 otk

AgHoz A ABFHE THES TAFOEN A
ol gt Wl ABFHL AR F A

o ARt BF 7FH FAb
7S HAd dolghol~ DR 2@ 531101% el
ole} AFE TsHL It 75§ FAFE EAHH St E
AYA-ID, FEAH, AL 2, EAYHo| 24 By



A8 LMY S = {{tid, itemset, ClassLabel, timestamp>,
temsete 12 E@IT FEALL EF V&S UEWE
FE=o ¥t Zdgx FEe 4 ERQH &3
Y28 vepdT)

Ao 3.11: A7 EFFHL <ClassRule, TimeExp> ¥
Bz @I ClassRule < ClassModel >3 2} & VJE}
TimeExpE A BB 02 < ClassModel >0l 2&8 AT
At 214 FA g

dg 59 A9 ML 4L 93t YAHEAED B
4e Z8ste £7 73L& <Decision Tree, for (Years(1998),
Years(2000))>2tx &td o] 73 1998 ~2000:d 7kA T
#Fate et

(28 D3} 22 Azty Ast #AE JEdE 499 A
t AE & THEL A3

1ad}

A9 3.12: A7 EHFE #AE Edold dole g
TSEZHE, A7t A% THE ol &3, AH&A7t HE AF
& A|AIF 24 TimeExpE WEsHe 734 <ClassModel,
TimeExp>< AL EA )t

& W u74e ALx 43 fsted A
NEoz AMEE W THE 01%0}@] 1A 1FE 4urag
o2x B} 5 £F 73& A8 F Atk

kA
e

AZE A AL glol Egadirg I ALY
EAHA dolEulolae [29]0A AAIR upe} Zo] AR
7H7 duksl2 B8] A 7HE dlolEwolAz W
oA Fo2HN AR & A THL ADES
DAL = AANA2Z AEs AU 4Y dolgHo
2 adxoz Qg HolHuo2E dom AIH
ARE HegozN FE AL A —1% gAbgte). [46]

v >4

i >
RUNFN

A

A

rlr R 1>

O

2 GeE A7 548 Ad2 nlold BAE fAE
Moz Hojg 4 gloy o BRI AL

32 AlZt Hjo|Etotold Felof

EA Aol BAG AT AAE BAE F dE TM
QL e Aodd TMQLS #AF doguo|~E df
Aoz 7]&9 DMQLE AIZHA A &g 38 + e
2 #8919 TMQLS R4 A& 9% KDL(Know-
ledge Discovery Language)® X4 BAE 9§ KSL(Know-
ledge Specification Language)® FA €t £ =RdME
DMQLS 7|wte 2 3o 3d TMQLE vh&3 ol &
g Bitel st A A gch

3.2.1 A4 gAY

KDLS &3 zo] BNFE A% Utk KDLE 7]

AlZt GIOIERDIOIE =R Y23 373

A= oldygAE FTHA}

<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
according to <attr_list>
| sequential pattern

<temporal_pattern_spec>& BAME At Ao FHE
FAgte 424 FHviY 9 dHE /M0 <attr_list>
= daiE 2L 27 oA AMEse gl e &
2rleo]1 <source_relation(s)>& A4 BAIE Y A
dolelrt AFE o] AES PAIFT}. <temporal predi-
cate(s)>& A1zt A4 9 A7k HEE FAGE AEA A9
35004 HAE At gEAoz FAFTY <threshold_ex-
pression(s)>& Al A4 FE4& Hrkstrl A A
AE FE H2A A4 ZFFvi JEE 48 F7 94
A& = & 9tk o837 <temporal_pattern_spec>o thit
A GAL ol oo}t 2Tt

& KDL& AME3te Azt AA& FAlstes dE 2

ol Aolth &WE doletE T Al L#oldol
Exgcn 7o

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, qty,
amount)

o A7 A% 32 B4 o

1997 1958 20009 129744, oid 7hede] 2Aol
A Folsts Aol ¥e 4EY ABNE WAee
A%ol thgs el Aot

mine association rules

related to item_no

from Items

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

and periodicity(Years-Months(9 : 10))

with thresholds support = 0.6, confidence = 0.75,
frequency = 0.8

where AolA for &2 A9 359 AR A AA
gurddog AL 717 CcIt,E BASIIL periodicity %
& F718F4 prE HAEH



374 BEHXEES=FXI D MDA HI35(20026)
o A7k BF F "4} o
199811 ~20001d Alolol] 7F)lg A o] AW Fo,
Tojde] o& NE&EFES EFs] S 7S Halee
A9E g 2o

mine classification rules
according to credit

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

Years(2000)-Months(12))

according tod& creditzh= o] 7HA Ao 3129 <O

assModel>% A3l where A& AIZF Aok 2A <Time
Exp>& BAg.
o Azt 543 3 A} o

nAe o] AW, g, AR, Fio o) AA oA
& a9%3td 1 1§ XS B8] 9% B4 73
< kst 29 e 2t

mine characterization rules
according to credit

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

with thresholds noise = 05

count(x)%E 2+ Qg 1A 1FHUE aFd &3 14
£ Wi noise =058 543 Ald BT F U= 2
| i3k &g olch T3 QoA o] AMRElE A7 A2
ALEA7Y Qo2 AT ¢ 9lJ— d71eh 7ol AEA o
At AAE A AFE

oo 3

2714 2A08 Bt of
Whd elg Aol ;A EAHoE Fuiss Bl 80%

A FEY AEEE A 9o T o] Fogitt

o

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 A &4
KSL& th&3 o] BNFZ A& 4 gt

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

<knowledge_spec>& A3t |29 TR o]EE HA

3te Adolth <attr_name>t A2 AL BAA =40
4" FEolu <knowledge_expression>E XS ©A|
gk Aojrt,

o A AZF A

4
=)
im
=
2
ra
1o
3
o
>,
)
ot
I
2,
=
o
>
)
X
o
o
ol

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

< {holiday} < month < year

o AAL X4 A o

FRY UF A A4 Ak PHe g
20+ 53 320] ofd BE P24 Add Axo] 4
$5= A2 Julgn
define calendar national_holiday
for *
as periodicity (Months(1)Days(1),
Months(4)Days(5),Months(12)Days(25))

2 9% TMQL £42 01§38 thre A4 gake A
4 A9l s,

33 X4 EAb 2H

Azt Hloletuto|d AlxglS AAS ] YA A7 24
HALE 9% Ay 258 2dgdt ¥ Rde (¥
2)9}zo]l AA 2 EA(task analysis), HoJel A ~(data
access), 7% @AHrule discovery), 7% Z#(rule pre-
sentataion), A7+ A A(time support) ZEAAE FAHY
A3k FE o] BALE w7tA] A4 gALE BB,

ok Ana

ask Analysis

Demand E__ -
Data De|eCt10n ...............

Prepared Data

Rule

3. Presentation
Demand y functions

(38 2) AlZk X|A] EHAL 2

IR

AgATt AN BAE A A TMQL AT ¥



W3t oelg BHstel vl R sk TaA 2ol
o TMQL Ao WER AZEBNE ANs) A8 (2
9 29 A A9 Z2AAE EERT. 4o BUH o
o8 G, #H A, 74 EE BES A2 5EH
o A4 GAHE Aolshe Tz Aol

o olgt oz

A2 dolepilol 28 AMstel TMQL Fe&ol A A
3 20L BEHE dolekHolR, FE)E 2538 F, 7
3 gl ZzAsdd Qe WU AFse Agwc
TMQL Aj#e Az A 27% vasy] Astel Az

AL TZAAE 3530

o 4 WA
TMQL el EelA A% vojehvtold sol wet )
% ez Adse] Holgeds ZAzd s A
49 doldena T2 ARG, dojgeld aFE
4o 2R AAo] wEsol T QAL TR 7
e x4 Wloxe] e,

o #3427
gAE FAE A4S sk FuE AR 2
o 29 Yo dely, 24T, 349 29 Solt,

o Azt A4
AT A HALE fE FoE ZEAXEAN O B

oA AIZF AL 7% AT oHF ADAL 7

71&9] dlolg wpolid Zt Lz AR diste] AlZF A4

A8 Tt 9 Z2dy *‘°ﬂ tﬂfﬂ 74?4 T

g 5 AEE gdE N FrE

3] 3%¢] TMQLA A€ A3 B3

mlo 2

A7) st AIBAY BEAY ARIEE FPE &2
Z3to] At A AHg ol gt ARRAAE H
7YatAY A4 BAE 9§ KSL B3 EE 4yt 2d

8 Adez AgE,
AgAE 298 74 3
A WAeT Qo Ao EA%T R Lok
ol Ak A AR § &

4. A2t dlojEtnjo|d AJARL =

3% A7t dolgmteld Rl eAste, ALEAI} ¢
H% TMQL 29E d4ste] Azt A4& A & 5 3
E A dolguteld Alxdge] FzE (¥ 3)F Ao
(29 3)2 & 22 92 ZEE FAEH.

e uto]yd 2ol A&7 (Mining Query Processor)
AREAZE Q83 TMQL A& 23 9ujE 243}

AlZt CIOIEFOIOIE ZRIY 213 375

o vlolyd AYPg FAsT "ol AAE HAEd}t BA
TMQLeIA FAF AlZPEHA S sl48t7] Yt A7HA
A AN2dE 3E3H 4] Aol wet AstE AA &
A A8 A8 (knowledge discovery execution plan)S 434
& F, 73 F7d we AT AR BRES 59T

! User Interface ] Temporal Data Mining System

[ Mining Query Processor I'————-——————
v

Knowledge Discovery Modules le [ Time Support Temporal Rule
Temporal Temporal System Manager
Association Sequence
Temperal

! T \q
Classification rend Analysis | Calendar Historical Rule
...... Knowledge Base

[ Temporal Storage Manger

a Selected Data

DBMS Interface I

S ™
Domain
Knmedge

Knowledge Base

(38! 3) AlZh Hjojetntold AJAR) =

. ]ZJ-Z]’:I gl 2 E(Knowledge Discovery Modules)

L At H %‘*}, Al 2R, A AlEx B, BE

& & Az dolghuteld YW W2 dadse

TEg EEo|th }%1}7} TMQLAA BAE 49 tlo]et

£ 7 J&E]Z}i-ra g “‘°]’ Ha QAR ol
|

e A7+ A% A A Temporal Storage Manager)

Azt dlolelnteld dmE|FL dlo|gte] Frte} wHEA
d diojel HMoz s FAl Hl-Eo] F/iHT. aHER
&% AT dojetg oz Az AN 5 4
T A A% B dasith

A1t A% #el2b= DBMSSIE#H o] ~8 8 "ad o
ole}E FZ3ld dlolel FdE 2= gk AIZE M<U(time
index)2 Hlolg} U} 32 wo|ad AP AAZTH
e = AAE o]&3td B E S FAE AF FH
2 FAEH FE(leaf) = HA ATAYE 71z} A
7F Aole] 2] A4 W& 285U HWEH Hoe 4
A Ao} A5 FE 7T 5 3T

e x4 o] 2(Knowledge Base)

Azt mlold S g8 2o BE XAz AAgA} BE
d s gAlE AT EE ARsE AZAE AYY A
2], =vi)l A2, oj¥ 3 wo] 2(historical rule base), ™
el dlo|EH(meta data)® FAETH Agn 242 TMQLA



376 HEXMe/=t@=EX D M9-DT M32(2002.6)

2ol ¥ E]“:}oi’ﬁ 22@_4 ﬁ‘ﬂ‘ u}o]\éo] 7]_
HE 7}t

o A7t A9 Al A¥(Time Support System)

g B AT Ad 71eg AT & 29y A
A& olgste TMQLAA BAE ARRAA S 34, F7}
3L A e AT

o A7t & #E A (Temporal Rule Manager)

23404 Adgd FAH vlojd g FTA o]y
Hol2g Arjxoz A, k. F, dlolg Bile] &
Ay AN gioletel] stk nto]d & st oY
T slolxo] AFd 71Ee FAR AR BAE 7FHE
vjuste A& 71 WA, AA
o A&7 Q1E # o] ~(User Interface)

ANzt "olelmlelyd AlxdlS HT} HeElstA AHEE F
YEE TMQLE EE2E AMEAZIAY @x g +#948 F
R A2 Bl AHE 24, 33 FEE Foste B

ofFE ulFdetolAeld EFE AT

5. AlAY TH wol ¥ ME

51 T8 gbot

71& dHolelnte]d A|lARIEL DBMSSHe] A¥ %4
oz} =74 =Y TFZ(stand-alone architecture)?t Wd +
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