








Table 3.1
L È

° 1 2 3 4 5 6 7
1 0.00
3 0.00 0.00 0.38
5 0.00 0.00 0.38 0.35 0.74
7 0.00 0.00 0.38 0.35 0.74 0.33 0.71

Table 3.2
¹

4

È

° 1 2 3 4 5 6
10K 0.00 0.00 0.31 0.29 0.67 0.23
20K 0.00 0.00 0.26 0.33 0.69 0.33
30K 0.00 0.00 0.29 0.33 0.73 0.29
40K 0.00 0.00 0.38 0.30 0.71 0.29
50K 0.00 0.00 0.38 0.35 0.74 0.33

Table 3.3
K È

° 1 2 3 4 5 6
1 0.00 0.00 0.00 0.00 0.00 0.00
10 0.00 0.09 0.09 0.33 0.23 0.63
20 0.00 0.00 0.38 0.35 0.74 0.33
50 0.00 0.00 0.35 0.38 0.39 0.82

100 0.00 0.00 0.27 0.45 0.84 0.64

Table 3. Synthetic Data Set: Fraction of False Positives (Default 
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Figure 1. Graph of Execution Time of Algorithms against L
(e=1, s_B=10K, K=20 and n_B=100)
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Figure 2. Graph of Execution Time of Algorithms against Bucket
Size (e=1, L=6 K=20 and n_B=100)
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Figure 3. Graph of Execution Tim e of Algor ithm s against K (e=1,
L=6, s_B=10K and n_B=100)
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theexperimental results give a veri�cation of our analysis.
The experimental results of the execution time are shown

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 set in each bucket. Be-
sides, the overhead of the combination of different results in
different buckets is small. One more reason is that for every
bucket to be processed, our data stream algorithm needs to
manipulate one bucket only but BOMO requires to handle
all buckets in the sliding window. Thus, our algorithm runs
much faster.

Let us take a closer look at the false positives in our ex-
periments. When we examine the frequencies of the false
positives, they have actually a very small differences from
the � -th frequent itemset in all cases. For example, in the
experiment by varying� (the largest size of the itemsets to
be mined), if�

M

“•� , the actual count of the� -th frequent
4-itemset is 1733. Although there are 11 false positives in
the output in Table 3, all their frequencies are greater than
1730, which means that the frequency difference is at most
3. The small frequency difference holds for all cases. The
bound in Theorem 2 is only a worst-case upper bound. In
practice, the count difference did not reach this bound.

6 Conclusion
In this paper, we address the problem of mining the�

most frequent itemsets in a sliding window in a data stream.
We propose an algorithm to estimate these� itemsets in
the data stream. We prove that our algorithm gives no
false negatives for any data distribution. It outputs at most

�¼�}�É�¼
��8���! top frequent itemsets and stores a small num-
ber of entries for the Zip�an data distribution. We have con-
ducted experiments to show that our algorithm can manipu-
late the data stream ef�ciently and both the memory usage

and the execution time are many times smaller compared
with a naive approach.
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