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FRE DR B B KR ER RS B, SCER [ 8-
112 H B R 7R 3 E O 45 Sl 5 S0 4L 0 P
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EX 4 fox) RUHE » WELRE,HE
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Beit CFP-tree, #5018 20 B 0 H 4038 WA B KR E
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(1)BH—™ IIS-tree (improved item suffix tree) .
Ttem-list VA Tid-list 20 1%

(2) CFP-tree HRYTI B $#5 IR  BUF 5 HEF ;

(3) IS-tree B T BH FP-tree ¥ IS-tree S AN 25
BT S item-name , count , node-link 3 34, iR
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(4) BHEW A KD B % IR 307 57 i1
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sign, head of node-link 4 3R, Fo |, head of node-link
A8 ] HS-tree T BA 1R item-name WH 45 K18
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XHIBE— I BB
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WA TC: MR EERAES;
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PREANESF TC KB TC ;
for each item x; & TC' do
if x; ¢ Item-list then
HRE— B LR ;5 1,2, node-link ) FHEA
B hem-list B9T5 4078 ;
else

x; * count = x; * count + 13

if x; HIPRELAY R then

AR IIS-tree T item-name & x; B TR 45 SR
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FRARIR;
endif
endif
if IIS-tree EB—1TME & X ¥ ﬂy. item-name € x;.
item-name then
y. count = y.count + 1;
else
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endif
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CFP-tree 3R T HBI M 30 # O o Fr A B4 WY
FEGLS, HPad THERT XENAHERE,
FEELHERANTRARSE O, AMETBHE
TR K. 75h, HEHE OB, RFFE CFP-
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=1<elNI, B x, ATRER CFP-tree ' p P33
P4, X SR E , i ERHE
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I, 5 FPMAX B R LG, A CFP-tree H 45 $il B KA
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TR E I E , RBBTE Trem-list W) A SR
T B Hp S AR s () IRIB RS, Y A
T H &R RN, AR E L RRa S mE
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Wl —RES AR ER B IMFIT;
if T A& HAEARE P then
1A Head U P 3| IMFIT;
else for each Item-list P x; > (s —¢) | N |
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Tail = {(FERZEREMHETHE |
subset checking( Head U Tail );
if Head \J Tail ¢ MFIT
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endif
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endif
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2 AR, item-name ICF B4, node-link 381
CFP-wree W A HH[F item-name {HH) T — 145 & ;
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Mining maximal frequent itemsets in a sliding window over data streams

Mao Yimin™ ™, Li Hong™ , Yang Luming™ , liu Lixin™
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(™ Applied Science Institue of Jiangxi University of Science and Technology, Ganzhou 341000)
Abstract
In consideration of the problem of data and pattern redundancy in frequent itemsets mining and the close attention to

the study of mining maximal frequent itemsets from data streams, this paper presents the MMFI-SW algorithm for mining

maximal frequent itemsets in a sliding window over data streams. Firstly, it uses a data structure based on FP-tree to

record the current information in streams, at the same time, the obsolete items and a lot of infrequent items are deleted by

pruning the tree. Then, it designs a novel method to mine the set of all maximal frequent itemsets in a sliding window
over data streams. The theoretical analysis and the experimental resulis show that the proposed method is efficient.
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