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Abstract: [Objective] Aiming at the problems of long identification and screening cycles and high research
and development costs of traditional bioactive peptides, as well as the limitation that existing machine learning-
based peptide activity prediction models adopting a single data embedding method struggle to distinguish the
sequence features of peptides with different action targets under the same biological function, this study
develops a multi-task bioactive peptide prediction model integrating a customized gating unit, contrastive
learning and cross-attention mechanism. [Method] This study combined pre-trained models for protein

sequence and structure and peptide physicochemical property prediction models with a Transformer encoder,
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adopted an expert gating system to optimize the model architecture, and integrated comprehensive information
including target structure, peptide sequence and physicochemical properties to optimize and predict bioactive
peptide-target classification. [Result] A novel multi-task bioactive peptide prediction model named
Biopepformer was developed in this study. In the peptide target classification task, the model achieved an
overall accuracy of 0.899 and a weighted F1 score of 0.902 on the hypolipidemic bioactive peptide dataset. In
the binary binding prediction task, it obtained an Fl-score of 0.958, an average accuracy of 0.959 and an
average area under curve (AUC) of 0.952, with its performance significantly outperforming that of traditional
machine learning models. Further ablation experiments confirmed that the multi-task learning framework and
the gated mixture-of-experts unit were the key contributors to the model’s performance improvement. After
transfering fine-tuning of the pre-trained model to the hypoglycemic bioactive peptide dataset, the model
achieved an F1 score of 0.969, an overall accuracy of 0.969 and an AUC of 0.976 in the target binding
prediction task, as well as an average accuracy of 0.863 and a weighted Fl-score of 0.884 in the target
classification task, demonstrating its potential for cross-target generalization. [Conclusion] Biopepformer can
serve as an efficient virtual screening tool for the mining and design of bioactive peptides targeting different
targets, and also provides a novel approach for the bioactivity exploration of functional bioactive peptides.
[Ch, 6 fig. 1 tab. 25 ref.]

Key words: bioactive peptides; multi-task deep learning; protein language model; customized gating system
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Figure 3  Performance evaluation of the model under 5-fold cross-validation
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