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Study on the Prediction Method of Phosphorylation Sites of Cell Nucleus Proteins
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Abstract. In this paper, the text vectorization methods were combined with machine classifica-
tion algorithms to screen the features of protein phosphorylation site. And the combination
models were evaluated for the prediction ability. The result showed that, the first amino acid
downstream of phosphorylation site and the type of amino acid at phosphorylation site are two
important features. The model of one-hot coding and svm combination showed the best per-
formance with an accuracy of 91. 6%, precision of 94. 0% and 89. 2% recall rate. The model
also showed good generalization ability on the test dataset. This prediction model provides an
effective approach for the in-depth analysis of phosphorylation regulation at subcellular level.
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