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A Gene Clustering Algorithm Based on the CCA-Hierarchical Clustering

LIN Qianmin
(School of Electrical Engineering and Automation, Xiamen University of Technology, Xiamen 361024, China)

Abstract : Aiming at the massive gene expression data brought by gene chip technology, in order to fully mine the biological
information and potential biological mechanisms contained in it, this paper proposes a gene clustering algorithm based on CCA-
hierarchical clustering (CCA-Hc). The algorithm introduces canonical correlation analysis on the basis of hierarchical clustering, and
optimizes the calculation method of similarity matrix. First, the canonical correlation analysis method is used to measure the gene
correlation by combining the multiple feature information of the gene, and the gene similarity matrix is obtained. Then the similarity
matrix is used as the neighbor matrix of hierarchical clustering for agglomerative hierarchical clustering. The CCA-He clustering effect
test experiment was performed on the gene expression dataset of Oryza sativa L. (rice). The results show that, compared with the
traditional hierarchical clustering algorithm using Euclidean distance ( EUC-He), CCA-He is superior to EUC-He in both internal
stability index and biological functional index, and has better robustness and clustering accuracy. It is more conducive to discovering
the co-expression relationship between genes.
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Fig.1 Dendrogram and Nested Cluster Diagram

for Agglomerative Hierarchical Clustering
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Tab.1 Statistical table of experimental data

set after preprocessing
e S SEREC O REAKC RERIDRES
Oryza sativa L. 4564 41 88
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Tab.2 BHI index values under different number of clusters

FHESR CCA-He EUC-He LR

SEREH
K=2 0. 466 0.233 100. 05%
K=4 0. 463 0. 346 33.77%
K=6 0. 467 0.377 23.90%
K=7 0. 467 0. 412 13.34%
K=9 0. 465 0. 435 7.12%
K=11 0. 464 0. 451 2.72%
K=12 0.463 0. 456 1.48%
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Tab.3 FOM index values under different number of clusters

PSR CCA-He EUC-He P

BEREEH
K=2 2.697 4.633 -41.78%
K=4 2.697 4.298 -37.26%
K=6 2. 696 4.047 -33.37%
K=7 2.696 3.995 -32.52%
K=9 2. 696 3.816 -29.35%
K=11 2. 695 3.693 -27.03%
K=12 2.695 3.636 -25.89%
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W R BRI H X CCA-He BRI/ K 1B [
(IME , BHI f8FrE 4 2 1E 0. 463 ~ 0. 467 Z[A], FOM
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