"ET OO0 hup/iwww.cquip.com]

HEHE22 2008Vol. 35No. 3

ETERNNEEXZEREREZE

fAigH WK
(RLA¥FEEHFEIE¥KR REH 066004)
B E AYHXERARBEEBRARCEES E2HRA, RO, N THEEHALTEALERALARARS., X
XRBT —FAHHGE T2 HRER XL H(TUNP_Tree) , I ERE S B AH— K, M RETETE
#4468 M (conditional matrix) & 37 %3 X 4238 3 (FPBM Mine) f03¢ % £ 47 F 3 INUPA, 7 V4K % 3 &b 22 $0 38 & 49 38
FEHAM., FRAW, %k RA R, LB HE G T FPgrowth k.
XA KR HEIH ATEXER

Frequent Patterns Mining and Incremental Updating Algorithm Based on Matrix

HE Hai-Taoc ZHANG Shi-Ling
(College of Information Science and Engineering, Yanshan University, Qinhuangdao 066004)

Abstract Frequent patterns mining has been studied popularly in KDD research. However, little work has been done
on incremental updating frequent patterns mining. A novel incremental updating pattern tree (INUP_Tree) structure is
presented in this paper, which is constructed by scanning database only once, Besides, a new {requent pattern mining
method (FPBM_Mine) based on conditional matrix and incremental updating algorithms INUPA are developed. The

experiment result shows that the FPBM_Mine method is more efficient and faster than the FP-growth,
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4. the value of M{r—1][1---j—1]=0;
5. the value of M{r—1][j]= X. count in path j;
6. End
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i\ : the condtitional matrx M, x,, of item X;
¥ : Frequent patterns @ with the suffix of X;
1. if m=1 then

2. For each combination of items (registered as a;) in the column

3. Generate frequent patterns 3= a; |J X; and 3. count= X, count

4, Else

5.  Sum up the values in each column above X; and get column L //
BERIE

6.  For (r=0; r<the length of row in L; r+-)

7. {(if L,. count==min_sup|DB| then
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9. Else

10. {delete the row of L,; }// &S r 17
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}
12. While (Myx»! =null) do
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14. End
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