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Figure 6: Performance on a Large Database D2000K-
C10-T5-S10-I2.5-N10K

single big sample to a smaller one. In MSPX, multiple
samples are used. We compared MSPX and GSP-
Samp to see if multiple samples can avoid or alleviate
the problems inherent in the single-sample methods
discussed earlier. To exclude other factors affecting
the performance of GSP-Samp, the signature based
subsequence infrequency pruning, the prefix tree and
the customer sequence trimming techniques were also
used for the implementation of GSP-Samp.

Compared with GSP-Samp, MSPX has better av-
erage performance. Most importantly, the performance
variance of MSPX is much smaller than that of GSP-
Samp. The worst performance of MSPX also indicates
that even if a few bad samples had been drawn, MSPX
could successfully suppress their negative effect. Oth-
erwise, the worst case of MSPX could have been much
worse than what we observed, probably similar to the
worst case of GSP-Samp. This proves that MSPX is
not sensitive to a couple of bad samples because of the
contribution of multiple samples.

6 Conclusions and Future Work
In this paper, we proposed an algorithm named MSPX,
which mines maximal frequent sequences by effectively
excluding infrequent candidates. Multiple samples are
used in MSPX to avoid or alleviate some problems in-
herent in the algorithms using only one sample. For
MSPX, we explored the relationship between the incre-
ment of the user-specified minsup for the sample and
the probability of an overestimate. A theoretical guide-
line is given to increase the minsup for the sample in
the context of multiple samples. Our extensive exper-
iments proved that MSPX is a practical and efficient
algorithm. Its excellent scalability makes it a very good
candidate for mining customer market-basket databases
which usually have tens of thousands of items and mil-
lions of customer sequences. More importantly, even

though MSPX is a sampling-based algorithm, the vari-
ance of its performance during multiple runs for the
same mining task is usually very small. Applying the
proposed idea of effectively excluding infrequent candi-
dates and the multiple sampling technique to other se-
quence mining algorithms will be an interesting project.
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