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Abstract

the forecast for the PPI network interactions are assuming that the interaction is determined. However, protein-protein

Prediction of protein-protein interaction network is an important research content in post-genomic era. So far,

interaction networks and other biological data because of the limitations of the experiment test and presents the uncer-
tainty. Put forward a kind of based on the uncertainty of information dissemination PPI network link prediction algo-
rithm, We according to their appearance on each vertex to link the probability that defines the link information, the algo-
rithm will be on the edge of the link information to spread at a certain probability on the diagram, We set for testing u-
sing the standard data, the experimental results show that the proposed algorithm, has good accuracy and good biometric
features.
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