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Comparing graphlet orbit and clustering coefficient in differentially network

XIAO Bi-yu, LI Xian-bin ,SHEN Liang-zhong, LIU Wen-bin "
( Department of Physics and Electronic information engineering, Wenzhou University, Wenzhou 325035, China)

Abstract ; Differential analysis is very important for understanding the process of biological evolution and the
progress of diseases. Recently, graph based differential analysis has turned to be a hot area in system biology. One
node often works with its neighboring nodes, so that their functions will change if their connections change. In this
paper, we compared graphlet orbit and clustering coefficient by random networks. We used them to mine within
module differential co-expresssion clusters. Application to data for mice showed that most of the clusters are
significant enriched in some GO terms related to aging.
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Fig. 1 = Graphlets and orbits
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Fig. 2 The comparison of robustness and difference sensitivity of clustering coefficient and orbits under various noises
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Fig. 4 The comparison of clustering coefficient and orbits with the number of nodes Changed adding or cutting
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Fig. 5 Experimental results of the two algorithms based on Graphlet and Clustering Coefficient
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Table 2 Compareing the number of genes mined by the

two algorithms
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