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Research Progress on Protein De Novo Sequencing Methods Based on
Deep Learning

JING Hao, JIA Xiaotian, LIU Nan
(School of Computer Science and Technology ,Shandong Jianzhu University , Ji’ nan 250101, China)

Abstract: One of the core tasks of proteomics is to reveal the amino acid sequence of proteins.It has become the dominant means of large-
scale protein research. The protein de novo sequencing method can directly analyzes tandem mass spectrometry data without relying on protein
database information. Due to its ability to recognize new proteins and provide post—translational modification information, it is highly favored.
The fusion of DeepNovo series, Denovo GCN, GraphNovo and other models provides diverse and innovative methods for de novo peptide se-
quencing of proteins. Combining the powerful capabilities of deep learning and the needs of proteomics, it opens up new ways to improve the
accuracy and efficiency of protein identification, providing more accurate and reliable tools for bioinformatics research. Although de novo se-
quencing methods for proteins have unique advantages, their identification accuracy is still affected to some extent due to the complexity of tan-
dem mass spectrometry data and the limitations of the method itself. After summarizing the development process of protein de novo sequencing
methods in depth, explore the advantages and limitations of emerging methods based on deep learning. These methods fully utilize the advan-
tages of deep learning in analyzing tandem mass spectrometry information. By continuously optimize algorithm design and deep learning mod-
els, in order to achieve the goal of improving the accuracy of protein identification.
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Fig.1 DeepNovo sequencing flow
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Fig.2 DeepNovo—-DIA technology roadmap
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Fig. 3 DeepNovo DIA workflow
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Fig.5 Denovo—-GCN model structure
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