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Prediction of protein complexes based on weighted network

TANG Xi-wei, LI Yong-fan, HU Qiu-ling
(Dept. of Information Science & Engineering, Hunan First Normal University, Changsha 410205, China)

Abstract: The computational methods predicting protein complexes in the protein-protein interaction network have a great er-
ror because of the high false positive rate and false negative rate of protein interaction data. To compensate for this, this paper
constructed a new weighted protein interaction network via the integration of the protein-protein interaction and gene expression
data. To evaluate the biological significance of the network , it used MCL algorithm to detect protein complexes in the weighted
network and unweighted one. Matching analysis was performed between the derived complexes and benchmark complexes. The

results show that the weighted network outperforms the unweighted network on biology.
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