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Figure 2: Performance.

the number of objects in the dataset an the number of 4 Conclusion
dimensions. The total data sizediD||.A| bytes. We identify the need of finding near-neighbors under sub-

3.1 Space AnalysisThe space requirement of the patterrsPace pattern similarity, a new type of similarity not cap-
distance index is linearly proportional to the data size (Fifired by Euclidean, Manhattan, etc., but essential to a wide
ure 2). In Figure 2(a), we fix the dimensionality of the data E&ng¢€ of applications, including DNA microarray analysis.
20 and change, the discretization granularity, from 5 to 80.JWO objects are similar if they manifest a coherent pattern
It shows that¢ has little impact on the index size when th@f rise and fall in an arbitrary subspace, or over a certain
data size is small. When the data size increases, the groifft Period with time shifting.We propose P-Index, which
of the trie slows down as each trie node is shared by m@P&Ps objects to sequences and index them using a tree struc-
objects (this is more obvious for smallem Figure 2(a)).  ure. Expenmental results show that _P-Index gchleves orders

of magnitude speedup over alternative algorithms based on
3.2 Time Analysis We compare the algorithms presenteghjve indexing and linear scan.
in this paper with two alternative approaches, i) brute force
linear scan, and ii) R.—Tree family in_dices._ The linear SC¥bferences
approach for near-neighbor search is straightforward to im-
plement. The R-Tree, however, indexes values not patterns. ) . .

Y. Cheng and G. Church. Biclustering of expression data. In

To Support queries based on pattern S|m|Iar!ty, we create 4H Proc. of 8th International Conference on Intelligent System
extra dimensiorr;; = ¢; — c; for every two dimensions; for Molecular Biology 2000.
andc;. [2] R. Miki et al. Delineating developmental and metabolic

; i i indi _ pathways in vivo by expression profiling using the riken
The query time presented in Figure 2(b) InQIcateS that P set of 18,816 full-length enriched mouse cDNA arrays. In
Index scales much better than the two alternative approaches proceedings of National Academy of Science8, pages

for pattern matching in given subspaces. The comparisons 2199-2204, 2001.

: : . . Piotr Indyk. On approximate nearest neighbors in non-
are carried out on synthetic datasets of dimensionglity= euclidear¥ spaces. EFEEE Symposium on F%undations of

40 and discretization leve] = 20. Each time, a subspace is  Computer Sciengpages 148—155, 1998.

designated by randomly selecting 4 dimensions, and randdf E. M. McCreight. A space-economical suffix tree construc-
query objects are generated in the subspace. EII-(;I;GE.UQOI’Ithm. Journal of the ACM 23(2):262-272, April
To further analyze the impact of different query forms[5] S. Tavazoie, J. Hughes, M. Campbell, R. Cho,

i and G. Church. Yeast micro data set. In
on the performance, we base our comparisons on number http://arep.med.harvard.edu/biclustering/yeast.matrix

of disk accesses. First, we ask random queries against 2000.

dimensionality rangina from 2 to 5. Th lected dimension Algorithms, Software, Architecture: Information Processing
ensionality ranging 1ro 0 o. e selecte ensions pages 484-92, 1992.

are evenly separated. For instance, we select dimension §gt Haixun Wang, Fang Chu, Wei Fan, Philip S. Yu, and Jian Pei.

{e1, ¢13, ¢a5, 37, ca9 y in@amouse cDNA array that has atotal A fast algorithm for subspace clustering by pattern similarity.

- . In 16th International Conference on Scientific and Statistical
of 49 conditions. Figure 2(c) shows the average number paiapase Management (SSDBPO4.

of node accesses and disk accesses. Since P-Index offf@sHaixun Wang, Chang-Shing Perng, Wei Fan, Sanghyun Park,

increased selectivity for longer queries, it is robust as the ngalfafgﬁ ls't\é‘fé 26%";”“9 weighted sequences in large
dimensionality of the given subspace becomes larger. [9] HaixunWang, Wei Wang, Jiong Yang, and Philip S. Yu. Clus-

tering by pattern similarity in large data sets. SIGMOD,
2002.

590





