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(a) Varying #genes
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(b) Varying #samples
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Figure 2: Efficiency evaluation

matrix MP in the following way. For MG, we first generate
a random matrix with size N ×M . We then embed a certain
number of clusters in MG. By default in our subsequent
experimental study, MG contains N = 30 samples and
M = 2000 genes with 30 embedded clusters. On average, a
cluster contains 20%×N = 6 samples and 2.5%×N = 50
genes. Similarly, the synthetic phenotypic data matrix MP

is generated randomly with a default of 10 phenotypes and
30% positive samples on average for each phenotype. Query
samples are randomly generated and the default values for
matching parameters are mins+ = 2, ming = 3, ε = 1.

In Figures 2(a) to 2(c), we show the running time of
our algorithm and the brute forth method as a function of
various parameters. In contrast to our slow-growing running
time as shown in Figures 2(a) and Figure 2(b), the brute forth
method is intractable in practice due to the huge number
of clusters in the dataset. Figure 2(c) shows a sub-linear
relationship between the runtime of our algorithm and the
number of phenotypes. If we explore the search space for
each phenotype separately, the running time would be linear
to the number of phenotypes. The sub-linear performance
demonstrates the advantage of simultaneously enumerating
the clusters for all phenotypes.

4.2 Effectiveness We apply our algorithm on real-life
genetic-phenotypic data. The dataset is collected in the
School of Public Health at UNC-Chapel Hill. Among all pa-
tients, there are in total 19 patients who have been diagnosed
with either asthma or cardiovascular diseases or both. Mi-
croarray experiments are performed on all patients to mea-
sure the expression values of 5000 genes. For our method,
we perform leave-one-out analysis: each time we take one
sample as the query sample and the remaining samples as
database samples. We set ming = 3, mins+ = 3, and
ε = 0.2. Our algorithm correctly ranks 95% of the query
patients, that is, the positive disease is ranked higher than
other diseases for the query patients.

For comparison, we also run the k-nearest-neighbor
(KNN) method on the same dataset. For each patient,

the k patients with the closest expression patterns for the
5000 genes are selected. The diseases are then ordered
by the number of patients having them in the k neighbors.
This KNN method performs the best when k = 5 in our
experiment, where it correctly ranks the phenotypes for 73%
of the query patients.

5 Conclusions
In this paper, we investigate the problem of on demand phe-
notype ranking. We utilize pattern based subspace clusters
to construct prediction rules for phenotype ranking. Given a
sample, our algorithm only examines samples that share sim-
ilar patterns with the query sample. It utilizes sample MDSs
to identify the subspaces where these patterns resides and
uses gene-pair MDSs to generate clusters representing these
patterns. Only the clusters with high prediction power of any
phenotypes are used to rank the phenotypes. The experimen-
tal results demonstrate the efficiency and effectiveness of our
algorithm and show infeasibility of the brute forth method.

References
[1] M. Allen and et al. Positional cloning of novel gene influencing

asthma from chromosome 2q14. Nature Genet., 35:258–263, 2003.

[2] D. Bandyopadhyay and et al. Structure-based function inference using
protein family-specific fingerprints. Protein Science, 15:1537–1543,
2006.

[3] L. Breiman, J. Friedman, R. A. Olshen, and C. J. Stone. Classification
and regression trees. Wadsworth, 1984.

[4] C. J. C. Burges. A tutorial on support vector machines for pattern
recognition. Data Mining and Knowledge Discovery, 2:121 – 167,
1998.

[5] P. Carmona-Saez and et al. Integrated analysis of gene expression by
associatoin rule discoery. BMC Bioinformatics, 7:54, 2006.

[6] G. Cong, K. Tan, K. Tung, and X. Xu. Mining top-k covering rule
groups for gene expression data. SIGMOD, 2005.

[7] G. O. Consortium. The gene ontology (go) database and informatics
resource. Nucl. Acids. Res., 32(90001):D258–261, 2004.

[8] B. Liu, W. Hsu, and Y. Ma. Integrating classification and association
rule mining. KDD, 1998.

[9] A. Murzin, S. Brenner, T. Hubbard, and C. Chothia. SCOP: a
structural classification of proteins database for the investigation of
sequences and structures. Journal of Molecular Biology, 247:536–
540, 1995.

[10] M. J. van de Vijver and et al. Gene-expression signature as a predictor
of survival in breast cancer. N. Engl. J. Med., 347:1999–2009, 2002.

[11] H. Wang, W. Wang, J. Yang, and Y. Yu. Clustering by pattern
similarity in large data sets. SIGMOD, 2002.

[12] X. Xu, Y. Lu, A. Tung, and W. Wang. Mining shifting-and-scaling
co-regulation patterns on gene expression profiles. ICDE, 2006.

[13] L. Zhang and M. Zaki. An effecitve algorithm for mining coherent
clusters in 3d microarray data. SIGMOD, 2005.




