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Deep PEPred:A Deep Learning—based Approach for Predicting Peptides
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Abstract; Polypeptides, also known as peptides,are a type of compounds that are formed by linking a—amino acids together via peptide
bonds, which are also the products of protein hydrolysis. It has an important influence on the growth, development and metabolism of
human body. Some polypeptides have the properties of anticancer, antibacterial, antiviral and penetrating cells, so that they are quite
important for the treatment of corresponding diseases. Therefore, it is vital to identify peptides with therapeutic properties. However, the
experimental methods are time—consuming and expensive,and are not practically suitable for high—throughput sequence data. Although
the existing machine learning—based models greatly improve the efficiency of peptide recognition,they are still limited in respect of per-
formance and generalization ability. Moreover, most models are peptide —specific models that can only effectively identify a specific
therapeutic peptide. To address these problems, we propose DeepPEPred ( deep learning based method for PEptide prediction) ,a general
deep learning—based computational model for peptide prediction. That is,it can effectively predict a variety of different peptides. Ten—
fold cross—validation test and independent test were conducted on anticancer peptides ( ACPs) , anti—bacterial peptides ( ABPs) ,cell pen-
etrating peptides (CPPs) and surface—binding peptides ( SBPs) datasets. Compared with PEPred—Suit, the latest predictive method of
polypeptides , for ACPs, DeepPEPred improved the accuracy and MCC by 29.6% and 59.7% ,respectively. For ABPs,CPPs and SBPs,
DeepPEPred improved the accuracy by 1.2% ,and MCC by 2.3% ,2.5% and 2. 4% , respectively, and AUC by 0. 8% ,0.3% and
1.2% ,respectively.
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