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Abstract: The prediction of trypsin-catalyzed specific proteolysis is vital for guiding the theoretical degradation and structural
analysis of proteins. In this study, a deep learning-based model was constructed to predict trypsin-catalyzed protein cleavage using
convolutional neural networks (CNN) and long short-term memory (LSTM) networks. The impact of various hyperparameters on
the model's performance was also explored. The results showed that a lower learning rate, higher batch size, and fewer convolutional
layers were beneficial for the model's training stability, ensuring superior predictive outcomes. The optimal parameters were
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identified as a learning rate of 0.001, batch size of 512, and one convolutional layer. In that case, the model achieved an accuracy

of 0.950, specificity of 0.987, precision of 0.986, recall of 0.961, and an F1 score of 0.973 on dataset PXD010627, demonstrating

excellent predictive capability and stability. Furthermore, when applied to publicly available datasets from different species, the

model maintained an accuracy >0.920, with AUC values, precision, recall, and F1 scores ranging between 0.900 and 0.989. This

indicates a strong generalization ability of the model in predicting specific cleavage sites of trypsin-catalyzed proteins which could

considerably enhance the accuracy and reliability of cleavage site predictions. We hope this work could offer new ideas for protein

identification and spatial structure analysis in proteomics, promoting advancements in proteolytic research and bioinformatics.
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Table 1 Sources of public datasets

AR e COLid P 5 9/8:3 s 12 PR B e €
PXD007158" Q Exactive H. sapiens ( HeLa) 86 940 81019 10 000
PXD010627" Q Exactive D. melanogaster 119212 111 529 10 000
PXD014777"" timsTOF Pro H. sapiens ( HeLa ) 49 990 49 400 10 000
PXD013478" Q Exactive M. musculus 59211 56 100 9726
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Fig.1 Modeling the catalytic mechanism of pancreatic proteases
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