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Figure 2: Performance.

the number of objects in the dataset and|A| the number of
dimensions. The total data size is4|D||A| bytes.

3.1 Space AnalysisThe space requirement of the pattern-
distance index is linearly proportional to the data size (Fig-
ure 2). In Figure 2(a), we fix the dimensionality of the data at
20 and changeξ, the discretization granularity, from 5 to 80.
It shows thatξ has little impact on the index size when the
data size is small. When the data size increases, the growth
of the trie slows down as each trie node is shared by more
objects (this is more obvious for smallerξ in Figure 2(a)).

3.2 Time Analysis We compare the algorithms presented
in this paper with two alternative approaches, i) brute force
linear scan, and ii) R-Tree family indices. The linear scan
approach for near-neighbor search is straightforward to im-
plement. The R-Tree, however, indexes values not patterns.
To support queries based on pattern similarity, we create an
extra dimensioncij = ci − cj for every two dimensionsci

andcj .
The query time presented in Figure 2(b) indicates that P-

Index scales much better than the two alternative approaches
for pattern matching in given subspaces. The comparisons
are carried out on synthetic datasets of dimensionality|A| =
40 and discretization levelξ = 20. Each time, a subspace is
designated by randomly selecting 4 dimensions, and random
query objects are generated in the subspace.

To further analyze the impact of different query forms
on the performance, we base our comparisons on number
of disk accesses. First, we ask random queries against
yeast and mouse DNA micro-array data in subspaces of
dimensionality ranging from 2 to 5. The selected dimensions
are evenly separated. For instance, we select dimension set
{c1, c13, c25, c37, c49} in a mouse cDNA array that has a total
of 49 conditions. Figure 2(c) shows the average number
of node accesses and disk accesses. Since P-Index offers
increased selectivity for longer queries, it is robust as the
dimensionality of the given subspace becomes larger.

4 Conclusion

We identify the need of finding near-neighbors under sub-
space pattern similarity, a new type of similarity not cap-
tured by Euclidean, Manhattan, etc., but essential to a wide
range of applications, including DNA microarray analysis.
Two objects are similar if they manifest a coherent pattern
of rise and fall in an arbitrary subspace, or over a certain
time period with time shifting.We propose P-Index, which
maps objects to sequences and index them using a tree struc-
ture. Experimental results show that P-Index achieves orders
of magnitude speedup over alternative algorithms based on
naive indexing and linear scan.
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