










denote the number of micro-clusters in MA11 and MA12 by
NMA11

and NMA12
respectively. A naı̈ve way to com-

pute the similarity between MA1 and another existing macro-
cluster MA2 can be based on Equation 3.8. However, this is
inefficient. As we know, at the current stage SSC already
maintains SIM(MA11,MA2) and SIM(MA12,MA2), a more
clever way to compute SIM(MA1,MA2) could be based on
these already known information, as shown in Equation 3.9.
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(3.9)

One of the most time-consuming operations in agglom-
erative hierarchical clustering is to find the two closest
macro-clusters which have the maximum similarity among
all pairs of macro-clusters. In CONTOUR, the similarity ma-
trix is indexed by a red-black tree structure where the sim-
ilarity is designated as the key and updated synchronously
with the similarity matrix. As a red-black tree with n in-
ternal nodes has height at most 2 lg(n + 1) [3], the search
of the maximum similarity can be efficiently implemented
in O(lg n), where n is the number of pairs of initial micro-
clusters. We should note that the number of initial micro-
clusters is usually much smaller than the number of se-
quences in the input database.

4 Empirical Results

Our performance study shows that CONTOUR is very effi-
cient and the pruning techniques proposed in this paper are
effective in improving the algorithm efficiency. Figure 1a)
shows the comparison result with BIDE, while Figure 1b)
evaluates the effectiveness of the pruning techniques with
dataset Snake.

We also conducted an extensive performance study to
evaluate the scalability of CONTOUR, and the accuracy of
the frequent subsequence-based clustering algorithm, SSC.
The results show that CONTOUR has good scalability, and
SSC is a promising approach for clustering sequentialized
XML documents and achieves better clustering quality than
the latest structure summary based XML clustering algo-
rithm [4].
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Figure 1: Efficiency and pruning effectiveness test (Snake)

5 Conclusions

In this paper we devise a simple and efficient algorithm,
CONTOUR, to mine a set of summarization subsequences,
which is a concise representation of the original sequence
database and preserves much structural information, and can
be potentially used to efficiently cluster the input sequences
with a high clustering quality. Our performance study shows
that CONTOUR is efficient to mine the set of summariza-
tion subsequences, and the optimization techniques are ef-
fective in improving the efficiency of CONTOUR. In addi-
tion, the summarization subsequence based clustering algo-
rithm, SSC, can generate high quality results for clustering
XML documents. In the future, we plan to explore how to
push the gap constraint into the summarization subsequence
mining process, and evaluate the utility of the constrained
summarization subsequences in the setting of protein se-
quence clustering.
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