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An Overview of protein function prediction methods
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Abstract ; Protein is the most necessary and versatile macromolecules in vivo, researches on their functions are very
important to the fields of science and the development of the agriculture. With the development of the post — genom-
ic era, the NCBI database quickly emerges a large number of protein sequences of unknown structure and func-
tions , which even become hot research Points. In the recent decades, protein function prediction methods have been
more and more improved and developed. This article reviews the protein function prediction methods occured in re-
cent years, All these methods were inducted and classicicated ,and their advantages and disadvantages of each meth-
ods were illustrates respectively.
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Fig. 1  Protein function prediction methods
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Fig.5 A variety of possible functions of prediction methods derived from 3D structure
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