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Establishment of Dynamic Protein Network Model Based on Attenuation Coefficient for Key
Protein Prediction

DAI Cai-yan, HE Ju, HU Kong-fa,DING You-wei and LI Xin-xia

College of Artificial Intelligence and Information Technology,Nanjing University of Chinese Medicine, Nanjing 210000, China
Abstract In the transformation process of biological system,the evolution of protein is not static,but dynamic. The evolutionary
mechanism of protein interaction can be well described by constructing a model to study protein interaction network. However,
when we study protein-protein interaction by using the method of structural model, we should consider the attenuation of historic
protein interaction over time in the process of protein evolution,rather than regard the effect of proteins at different times as the
same or directly ignore them. In this paper,a method of building dynamic protein network model based on attenuation coefficient
was proposed. When establishing the model,a reasonable attenuation coefficient is used to record the changes of protein interac-
tion, which is convenient for later researches. After taking reasonable attenuation coefficient through experiments,using the same
algorithm to run on different network models.the results verify the effectiveness of the proposed algorithm.
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Fig. 1 Time series diagram of dynamic protein network
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Fig. 2 Simple protein evolution
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