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Abstract The essential protein is indispensable for cell life,so it is very helpful for us to understand the minimum re-
quirements of cellular life and design the drug through identifying essential protein. With the development of high-
throughput technologies, more and more protein- protein interactions (PPI) data has been obtained, which makes it pos-
sible to study essential protein from the network level. At present there are already a number of computational methods
proposed for essential proteins identification, but these methods do not solve the PPI data false positive issues. In addi-
tion, existing methods generally just consider the topology of the network not considering biological information of pro-
tein on the network,and is still relatively lacking. Protein for human life activities of cells not only related to the topolo-
gy of the network, but also related with protein biological information on the network. To solve the above problems, this
paper presented an efficient new method to predict essential protein called EPP (Essential Proteins Predict). The algo-
rithm predicts essential proteins through computing the importance score of protein in the PPI network,the higher im-
portance score of protein is, the protein is more likely to be essential. We take the importance of rank P% of the protein
as essential protein. When computing the importance score of essential protein.we synthetically considered the semantic
similarity and credibility factors. Our method has low complexity,and considers not only the topology of the network
but also the biological meaning of protein itself. Experimental results show that, compared with other conventional
methods,our method can identify more essential protein,and its statistical indicators is also higher than other methods.
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