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Abstract

Phosphorylation is one of the most important types of post-translational
modification (PTM) that plays an important role in protein function studies and
experimental design. Considering the importance of phosphorylation in
proteins and the increasing number of protein sequences in databases, the need
to improve computational methods for predicting phosphorylation sites
becomes increasingly important in terms of both speed and accuracy. Although
many predictive tools have been introduced to predict phosphorylation sites
using various machine learning methods, there is still a long way to go to
develop a highly efficient tool, and efforts to achieve this continue. Recent
studies have shown that deep learning-based methods are the best approach for
predicting phosphorylation sites. This is because deep learning, as an advanced
machine learning method, can automatically recognize complex
representations of phosphorylation patterns from raw sequences, therefore
providing a powerful tool for improved phosphorylation site prediction.

In this study, a hybrid structure based on the convolutional deep learning
method named ConvoPhos has been introduced for predicting phosphorylation
sites. In such a way that the CkSA Apair feature vector obtained from sequences
is used as the input for part of the classifier and the conversion of sequences to
images, as the input for another part of the convolutional networks. The results
of 10-fold cross-validation show an accuracy value of 94% for phosphosite
data and an AUC of 90%, which is the highest performance compared to the
other methods.

Keywords: Protein phosphorylation, feature extraction, predictor,
convolutional deep learning network
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