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(a) varying item number
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(b) varying query length
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(c) varying sequence number

Figure 3: Performance study

We also test the performance of SeqIndex and
ItemIndex with varied database size. We vary the
number of sequences in the sequence database from
1,000 to 100,000 (number of distinct items is 50 and
the query length is 20). The result is shown in Figure
3(c). As we increase the number of sequences in the
database. MaxSel has the best scalability, DFS stands
in between and ItemIndex shows poor scalability.

We finally test how effective our algorithm Auto-
Support is. Experimental results show that the index
is more compact using AutoSupport in comparison with
the uniform-support method. The mining time of Auto-
Support also outperforms the uniform-support method
significantly. The figure is omitted due to space limit.

6 Conclusions

In this paper, we broaden the scope of sequential pat-
tern mining beyond the “narrowly defined” spectrum of
knowledge discovery. Our study is focused on the design
and construction of high-performance nonconsecutive
sequence index structures in large sequence databases.
A novel method, SeqIndex, is proposed, in which the
selection of indices is based on the analysis of discrim-
inative, frequent sequential patterns mined from large
sequence databases. Such an analysis leads to the con-
struction of compact and effective indexing structures.
The effectiveness of the approach has been verified by
our performance study.
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