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FE s, WESBMEE D DELHs % WHFF N
FXUY. b. ERAEGEE o, EFSESEE D
FEE X WHEFEDH % FNBEE Y.,

R IR A 0 475 i 1) R0 A A 55 B R D b 4R
HEA P4 E /D SR minsup M/ B AS
JE minconf IR . 5 IE A D042 4 () R mT LA 43
AT 2 AFrmt 2,

1) s AFAE S 3 55 5O R P Pr A SR T4 X
) SCHFBE support (X)) AS/NT P45 5E 1 B/ SOy
B minsup, WFR X K5RTIE (large itemset) o

2) I FH S 300 A O IR RN . X T g A 9 0
£ A, # BCA, B#, H support (A)/support
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3 RERAN H kAR R AR H ko
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TKRMER. BIBRTNIE, HEEHRRTME:
EFHANAY RBMBEEBWIZHEE, ETH
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TREHNOIZHAEE, HMAXRANELS,
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FXRBEANZLBEZELRE, WEEANTR,
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1) & BT 7 ik

R. Agrawal £ H K AIStH Apriorimﬁ?'z%o

FERE AIS W, FEREREDMBERE
B A, BIEXTBE R AT £ R ERT,
fEikRmE (KPP B - ANTEHNTENMEA—ER
kA, ATLAKRTF &) REH k-1 KEAMF=4EK
NFE (frontier set) & i hn 24 A F 55 W 14
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By Apriori FIFH “HEHRENFFBEE D
B, ERRIIENTRARRIE; EEHIAEHN
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B, F—KAHBHEKRK1-THE L, Fr (>
1) WHEFBERIEFAS -1 KAWMMHER (BIK -
-1 3% L,-,) K% Apriori-gen = ERIE K &
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MR, BREESRKAMERMNITEL X £ -
B L, BEEYSEREKR L -TE C, WEREE,
ZEEFFENBREBRTUELE LR AIS/NE £,
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Apriori A BHRE
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a. X FXI 58 F % Savasere R H T —4
ET R4 (partition) WEB., ZRBEED I
EHE o, BEEEREER D ZIREKAN
MESBEE D 0 n NEAHEZHE SR E
MD', D*,--, D", D'(i = 1, 2,, n)IR/NE
REBEENENFZT, REBENTFFBEE
D' (i =1,2, , n) BANFHRAKFTH R
HEL, BEEF-BIERNEFTETESFH
BENBBERSFRI—NEFFHEE D B K
WERBEL =UL L BEE-HSHERE
SRINAE L, EESHEIEE D TR, HEHR
Wi L, ZRERMNBESBEE D A 2K, K
KRBT 170 84E, NT#RE THEME,

b. AT RHF & HFMBEEM—EA
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AT R SRR RN — BB ER. BE X
B Toivonen # — 2 KR T XM EAH, L AN
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4553 . Toivonen MHE LM Y F HIF B E W T
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c. RYRXH¥A#H R. Agrawal FAREH
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R, B AprioriHybrid & & ¥ Apriori 5 & ¥
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BRREEFHIEE D', WHARBE AprioriTid,

d. A FXAFENXBEANEZRAE AW
XEHANZHWBEEFTEZRATFEEMIFERNEH
{8, WNZHH Apriori B¥:# DHP Bk, R
M—EN AR, N—TBEEFRES=ERE
H, 18R H AR KE TP R R BB AN B
BHRERBEAN, ﬁﬁﬁﬂﬁgglﬂﬁﬁ‘o R
[7] AHTRXBHN M E X (R-interesting) , X
Bk (8] XFIERIGE I H I & A T B, XEk [9]
EXTBERBEAN BB, X [10] PR S
—NETFERBEMNEREE L, HRE THRHEN
EXURFERAXBERENEHREENBERSE.

e. XTHRGANEE BETHARKXEM
MWEEBWREAELE BN . BLHNMERET
BIRBEHMN . Xk [11] AR THEREA/RERER
ARERTHXBEHN RIREE, fiRREXAR
FoVF P 98 E BT OB R B ML B R, XA
YR AU AT AR 25 45 $048 e AT B I, 1 B AT LA
BEEREZTEAEEAT, ANMEESEERIITH
R, BEIMEETANARELELT 3 HARKE
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HHIEMFTRAPRALRN 2 M RAEEEW
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B LAR: a. BIEAR. AP AT LLE E X BF 26 %
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D. W. Cheung %16V 55 5% j& T B ML ) 35
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B, HH T TN R R /N SRR R BN R (E
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3.1.2 34 4BANEE THEXBEANG X2
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2) BEAFBRBEBEREHS BT —EMH K
FB. BMIRFRBER-NREFEHXE,
HERFMHN 1L, RZH 0. XHFSERIEN,
75t B FL I ] A5 R B R B AL

3) BEFBHESB—EEERAT T XWX E,
EERTHEZAMNESHE, BHOMNFET
B 8 ) S R R

4) B8 A B T B R R IR BB AT A
i Fl — e Ge 3t B O B 3 BUE F BB L AT 40, 3
HEAZRBXBHNMHME, EZMBERZE#HTT
HB T8 — 2 FAALN . 18 H AN E
7378 €338
3.2 BTN hEEGHKEXNEZENZ

ETESHENBEEFHRSERMERL—
MEBRKPHXRBEANMESE, ¥EMNRETFS
RERA—BRLZEXBEANMELE, FEH:
Han % ML - T2L1 X HZ# ML - T1LA, ML -
TML1, ML - T2LA/® f1 R. Srikant %
Coumulate, Stratify K& ¥ 4F # Estimate,
EstMergem %,

BEML-T2Ll WEABEREAREER
REFNEEF BB EER—MREESERRE
BHTRBOFFREE, AAXMRAEIEK
FERMFARMBEE, BWETZEERITHMER
FIERKZRAHMMXBEAN, ELBFERAERE
Apriori EZ MR R FAEP T R, RELERA
0 2 R B RN it 72 o BT Y 090 5 R T A A
HEROIXEFRAAR, B ML - T2L1 £ =4
Zf . ML-TILA, ML-TML1, ML - T2LA,

B Coumulate H) Z 4 B 48 5 Apriori 58 £ —
B, ARERPMIESBEEL - F0t, BHE
FPIATREEMABARES S, FMA 3ME
fb: a. MIMARHEF S RHEEHITIIE. b. sk
HEBEXR THHE—-THEE, BBME
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Bk Stratify T “HIE X WLEAR R
£, WX HFEASRBIBE” WFLH#ETBRIT,
HEABER . EMEERAMIERBRE S, & X
WA ALERMTE X BWRE depth (X) = 0, HALIR
EWHEER: (max ( tdepth (X)) /X" X B
) +1), BREMNBESBEEH#ITZEAMN,
Bk (k=0) WHEHREEN £ (£=0) WA
T C, WREL, JFHEERN £ (£=0) KK
Wisk Lo 1E5 k (R=1) WHRMHT, X C, #ATH
B, BIMER Cp AR A ELLEC, - — L, HH
TCE . BZHE e IR R K B AR R 2 SR I
S, SCER (7] FFEEL R X B B Stratify #
TP B, BB Estimate il EstMerge,

3.3 ETHMNGLBRTEXINZEEE

MRYEAS BRI, JRHRFLIN 53 A A /R B R BK KL
U0 25 (8 A4 ST RN o 2R 4 ST 43 it
M (quantitative attribute) (W 4FE#, M%) MK
51 )& ¥ (categorical attribute) (20 f AR, FIERE)
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AR C 28 LU B . 25 1L M DR K 1L 0 4 4 1) A
FESCHR [21] W, SOk [21] PRI ZE
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] J) 43 X B A S B 25 1B 6 B A ) 42 48 2 A5 /R
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Xt L JR P S BEARAR, B B/ SRR AR
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BE—NBIEE D, ZH BN 52 48 0] &
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E W B/ 37 F E minsup 18 /N B {5 B minconf H)
ZAERBCRLI . I K o i 350 H AT DL R B0 3
A5,

ZAH ¢ BK AL 42 48 o) B — 4% B LA R P IR
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D) EENBEEE « WER ([, «] L#E
X153 B DX (6] B0 B 4 B R, WRE SR AME o MR R
FHEA split (x);

2) BB (x, L, up) € split (x) BREH—
MNEBBYE A, R BT R R P S E B X
JEa] ik 55 A 300 4

3) PSR R T T B/ XHFE minsup )
A E T ,

4) FIAMETEEBRFEERTR/NEGE
minconf [¥) AL ;

5) MBI 7= A= i R0 o it s L AR A AL

SCHR [22] 4 80K B0E B0 08 i S 3 — 4 =5[],
I B 985 BE 43 A7 oR B0 R 28 40 1 O M BB
X 6] 43 B, 7B F 248 2 5 B - H R A
3 A RO B R A S IR
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BT LA L5 2 f SCBR R Bk 2 5, R — s
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AN 5 k- B SR N

4 RELRR
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AR ZAR IS RBUE 5B R EEE, MBR 0 i %
W, A BOh AR R 4E R, B A 12
. XTI, T AW RKMNZ IR A
J Wl B TR

2) TAMEE BIH—NRETEOH SR
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DL, BIEMAXIRYE, SRR TE, TRE
BEMBESHBMRESI TR, WBENFTE, HF1TH
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FE R B FI I 32 48 3 OO B R BRI, R T A A
E—SH MR AR E, FIORME ML 42 18 B
B4, (X 26 bR 4 i il 8 7T 6B 2 B 4K [a] & 2L (&
¥ o
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iz T ENERMESHMRE (MERRE. ®-
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[Abstract]  In this paper the principle of the algorithms on association rule mining is introduced firstly, and

researches of the algorithms on association rule mining are summarized in turn according to variable

(dimension) , abstract levels data and types of transacted variable (Boolean and Quantitative) in the process of

data mining. At the same time some typical algorithms are analyzed and compared. At last, some future

directions on association rule generation are viewed.

[ Key words ]

data mining; association rule; algorithms; survey



	T00088_00
	T00089_00
	T00090_00
	T00091_00
	T00092_00
	T00093_00
	T00094_00

