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Data stream of Closed Pattern Mining Based-on Variable Slide Window
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¥

Abstract: To mine data stream efficiency, a new slide window, combines basic window and time window, adopts a
scheme of window based on sector. It could apply to the real data streams and change the size of the windows, and save
time and space that no necessary to use. And the algorithm based on frequent itemsets mining-DS-stream could
self-adaptively adjust the size of time windows, considering the large number and chronotropic character of the data

stream. In the algorithm, transaction list group is adopted as synopsis data structure. The experiments results in Eclipse

indicate that the DS-stream algorithm is more effective in term of temporal and spatial performance.
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FUNCTION BuildDS-tree ( SWi, 1t ,¢)
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2 For & — M3 X & H SWi{

3IF (j<=w) {

4 While ( t' =7 )
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FUNCTION UpdateDS (SWiew)'

1 For SWnew H [148 /™ =5 452l { I'

21f (<=w){

8 While. (<7 ) {

o 4 BT H A AE— A Ktree 1, 103 HSZF- I sup,
T NI H #0d o count, W44 0, count++, j++; )}
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8 For (a H IR PG T4E) {

9 If (a H{JIIAE item-sup table )

10 {37 sup 1, isupd=1 ; }

11 Else  {{fi\%] DS-tree ', isupd=0; }}

12 For (a H &A1 G T4E) {

13 1f (b *HYIIAE item-sup table 1)

14 {BOF B TPz 5 &, isupd=1 ; }
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