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0 BIEISTE{ES—KBRS T (Association Analysis)
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o BRAAE —— KEKRINIZHE (Association Rule Mining)
o [FHESIES, e RIN—EAIN: A=>B
» JESPEEFIMBIAY, FUNEAFIRBEIRT
o BIgn, MTERAEEI—NeTEeRIRIN
MISEFRTH (Diaper) A RPE X2 SENE T (Beer)

—- RBHIFERMFIE—EHE

TID Items

Bread, Milk

Bread, Diaper, Beer, Eggs
Milk, Diaper, Beer, Coke
Bread, Milk, Diaper, Beer
Bread, Milk, Diaper, Coke
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o RERMIUFEHERIE AL
o ltemset (INE) TID  Items
« —ANHEAE (tems) IS Bread, Milk
 iaset, ) i s o
- #: {Milk, Bread, Diaper}2 3Tt — Mflk,’mape’r, .
o Support (FE) '

Bread, Milk, Diaper, Cokel
- — NSRRI /
= f5: support({Milk, Bread, Diaper =§

o Frequent Itemset ($RELIHEE)

» AFPBITEER/NIFEHEMIn _sup, SIFE KT min_supRYTIEFR
JISELTIEE

= f5ll: i&min_sup = 0.3, N{Milk, Bread, Diaper} 9snZIng
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O %H%*Whﬂ”*g}@ Eg I 7—&1: EEILJ\ Bread, Milk

o Association Rule (SCHXERNI) __ |Bread, Diaper, Beer, Pegs

. FHIX - YIOEDATS, X, VISATRE | /".

= f5]: {Milk, Diaper} —{Beer} i ‘.isFezd‘Mu‘k‘D‘la},&,‘caé".
o Confidence (BE5E)

» EEEAXNESTRNHIYRERR
Confidence(A - B) =

W M| =

Support(AU B)

Support(A)
= fl: XFFRERANI{Milk, Diaper} »{Beer}
confidence({Milk, Diaper} —>{Beer})= B
o SEREREIN
« AFPBITEER/NEEEB{EMIn _conf, B{SE AT min_confRYRLNIFR
JasE KRB

= {l: i&min_conf = 0.5, N{Milk, Diaper} —{Beer} S5&F<ELHIN
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o RERNIFZHERY—R 2P IR

o IRIESHFE, S

RPTERISAEEINES  (SRZEKINES)

o IRIEREINE, ERSTENMN (KEXT2HREKIRE)
o IRIEEEE, WisibEii

o RERRLNZHERIS

5—2 . WIS ERISRERTNES?

o ZIBE:

= SEFEARERIINES, MIFR/I\VTmin_supRYIREE

= TR

TiD

Items

Bread, Milk

Bread, Diaper, Beer, Eggs

Milk, Diaper, Beer, Coke
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Bread, Milk, Diaper, Beer

Bread, Milk, Diaper, Coke
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o APriori&ik
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Rakesh Agrawal

Technical Fellow, Microsoft Research

7 microsoft.com AYEE FHF{HZISIGIE
Data Mining Web Search Education Privacy
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o SNEINEEIZfE——APriori&ix
o 19945, IBMfff5tRAgrawaligiti, VLDB
o ZIOERE: TTEMSER, BEMLER, BoEMREESINEINSE
o REFEMERE: MNR—INEEMER, WEelrEFE—TEEENE
« BZIREA:

VX, Y:XCSY - support(X) = support(Y)
o KB, XWTFRk+1I5, REFE—KNFEASMEDE, WL
HEHAIEZIER2IMETEE
o EiELE
o ERD T NOEK — 1IERAERE IS K TIEE
= BIRE: MIEEK A M tHsmE K e

*
Fast algorithms for mining_association rules 34008 1994
R Agrawal, R Srikant
Proc. 20th int. conf. very large data bases, VLDB 1215, 487-499

Mining association rules between sets of items in large databases 23560 1993
R Agrawal, T Imielinski, A Swami
Proceedings of the 1993 ACM SIGMOD international conference on Management of ...
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o A-Priori&i &S8R . EEL
o AN FTBMEK — 1I&L,
o diH: RUEKINERC,
o 352 PUTEERL 1™ Ly, BERL, AR IEERIEZER,
SBNEEIRI(k — 2)1 IEE
= RLFLRZRLFRIIE, HISS! [j1Z&RLEISEIN)
L[1] = L[1] A L[2] = L[2] A o A L[k = 2] = L[k = 2]
ALk —1] < L[k - 1]
= AAEHE, REFSEIEFRITHEFEXFRF, RISM
Lk — 1] < [k — 1| BRAFTEESRITIE
= R[], 4 [2]), ... L[k — 1], I [k — 1]} INC,

LSNLB {abc} {abd}
L; = {abc,abd, acd, ace, bcd} — (acd) {ace) —— (, = {abcd, acde}
acd} {ace
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o A-Priori&i &2 B
o BN RGEKTERC), VX,Y:X €Y - support(X) = support(Y)
o Bt FTEMEKINERL,
o G52 1HEC,PBMREERISGTE, NMHEEL,
= AMC, ABERKR, XEMZRAITTEEMRX
= ATIREER, AIFAREREN: (FREAEEER (k-1) R AR =T
ZKIRERRIFER.

= A, H—MREKINE (- NIFEREL, F, WilREEATER
SREERY, MTIRJLAMC iR

L3 = {abc, abd, acd, ace, bcd} C, = {abcd, acde} L, = {abcd}
i C —> L —> C —> L. —> C
O I 0 B N I -0 B - s

k=1 k=2 k=3
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o RERANIZTERISE 25 AR NSRERTIRER R AE AR ?
o 355 BE—RENEL SEMBEIFEFEf c LESf > L—f
e = EEK
= 5{AB.CD}EMEINE, I&iEMNIE 145
ABC »D, ABD —C, ACD —B, BCD —A,
A >BCD, B—ACD, C—ABD, D —ABC
AB »CD, AC - BD, AD - BC, BC —AD,
BD »>AC, CD —AB,
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REXFRNSE Rk

o KEXINAE % (Rule Generation)—+EERE

20%1 +1

Number of rules
(W] oY [y}

kJ
T
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T
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L
i 8
m

d-1 d dz_ij d _k
= X

k=1 i k j=1 ] |
=3 —2" 41

If d=6, R = 602 rules
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o FECRINI4E R (Rule Generation)

o AR EL TN EE A plELNY?

o —fikMs, BEEEARENRBEFEN
confidence(ABC — D) aJgeXTFak/NFconfidence(AB — D)

o {BME—IREEAE A RIRR N B S B 4
« 5 L={A,B,CD}

confidence(ABC — D) > confidence(AB — CD) > confidence(A — BCD)
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FP-Growth

o B INEEISHE—FP-Growth&iA
o KEAINZIENSHBE A2 —, F2000FHHKRIFEFRS
o ZIMERE . BeEEY4E/RR BRI ZE =T U (Frequent Pattern Tree, FP-tree)

Mining frequent patterns without candidate generation

J Han, J Pei, Y Yin - ACM sigmod record, 2000 - dl.acm.org

Mining frequent patterns in transaction databases, time-series databases, and many other
kinds of databases has been studied popularly in data mining research. Most of the previous
studies adopt an Apriori-like candidate set generation-and-test approach. However,

candidate set generation is still costly, especially when there exist prolific patterns and/or

long patterns. In this study, we propose a novel frequent pattern tree (FP-tree) structure,
which is an extended prefix-tree structure for storing compressed, crucial information about ...

v 1777 99 2|E #B|ERE: 10079 EXNE FiE 64 MRA

https://hanj.cs.illinois.edu/
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Lei Zhang, Ping Luo, Linpeng Tang, Enhong Chen, Qi Liu, Min Wang, Hui Xiong, Occupancy-based Frequent Pattern
Mining, ACM Transactions on Knowledge Discovery from Data.
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