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Abstract: Viruses interact with host proteins to achieve their life cycle and to promote proliferation through processes
such as the control of the cell cycle and cell death and nuclear transport of their genetic material into the host's nucleus.
Therefore, identifying protein interactions between human and viral proteins is essential for understanding the
mechanisms of viral infections and finding drug targets. Since the experimental identification of protein-protein
interactions is time-consuming and labor-intensive, it is difficult to implement all human and viral protein
combinations. In the present study, we tried to predict the interactions from amino acid sequences by a computational
approach based on deep neural networks. The deep neural network model is constructed of the LSTM units to process
the variable-length amino acid sequences and of the attention mechanism to identify local amino acid sequences
related to the interaction. Our model predicted protein-protein interactions with AUC of >0.97. We analyze the
relationship between interacting amino acid sequence sites and protein-binding domains.
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Nnumber of Candidate; < n

negative data < —Candidate;
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