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Bi-LSTM and Transformer based model for spectrum prediction
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Abstract ; Data Independent Acquisition ( DIA) has developed rapidly in recent years and is widely applied in proteomic studies. A
sample—specific spectral library from Data Dependent Acquisition (DDA) is used to identify proteins in DIA data. Because of the
limitation of the DDA spectral library, predictions results of deep learning models are used to enrich the library, thereby covering
more proteins during the searching. For spectrum prediction, different models perform inconsistently on different datasets, and only
a small number of models have demonstrated their performance on 4D mass spectrometric data. The performance of different
sequence models on 4D-DIA plasma data is compared and a new model structure is proposed. The model employs gate combining
features extracted by Bi— LSTM and Transformer, which works better on long amino acid sequences.
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Table 1 Comparison of results of different models
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Model 1 0.902 0.759
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