











Table 3.2

Table 3.3

Table 3.1
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0.00 0.00 0.38 0.35 0.74 0.33 0.71

4 5 6 K 1 2 3 4 5 6
10K 0.00 0.00 0.31 0.29 0.67 0.23 1 0.00 0.00 0.00 0.00 0.00 0.00
20K 0.00 0.00 0.26 0.33 0.69 0.33 10 0.00 0.09 0.09 0.33 0.23 0.63
30K 0.00 0.00 0.29 0.33 0.73 0.29 20 0.00 0.00 0.38 0.35 0.74 0.33
40K 0.00 0.00 0.38 0.30 0.71 0.29 50 0.00 0.00 0.35 0.38 0.39 0.82
50K 0.00 0.00 0.38 0.35 0.74 0.33 100 0.00 0.00 0.27 0.45 0.84 0.64

Table 3. Synthetic Data Set: Fraction of False Positives (Default , , , = 10K and
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the experimental results give a veri cation of our analysis.

and the execution time are many times smaller compared

The experimental results of the execution time are shown with a naive approach.

in Figures 1, 2 and 3. We observe that our Data Stream algo-
rithm runs much faster than BOMO algorithm. This is be-
cause the process of nding top K itemsets in our algorithm
is more ef cient due to a smaller data setin each bucket. Be-
sides, the overhead of the combination of different results in
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different buckets is small. One more reason is that for every References
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