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Abstract

Proteins are important performers of organismal functions. Certain proteins are especially critical
for organisms’ survival, reproduction, and physiological regulation. They often play a significant role
in the onset and progression of the disease, which are called essential proteins. Therefore, rapidly
identifying the essential protein targets is of paramount importance in the prevention and treat-
ment of diseases. In this paper, we propose an approach to address this challenge with the help of a
multi-head attention mechanism. Our approach uses topological features of protein-protein interac-
tion (PPI) networks, gene expression profile features, and homology features to construct a fusion
PPI network. Further, we employ a graph attention neural network (GAT) model to learn the feature
representations of the nodes in the fusion PPI network. To better capture the association relation-
ships among proteins, we introduce a multi-head attention mechanism to enhance the learning ef-
fect of the model. Finally, through training and testing on DIP yeast protein datasets, the experimen-
tal results demonstrate the higher recognition accuracy of our method compared to the traditional
topology-based strategy.
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Figure 1. A framework for identifying essential proteins based on multi-head attention mechanisms
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Figure 2. The number of essential protein identifications
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Table 1. Comparison of the six metrics in the DIP dataset

= 1. B8R DIP iR R/ FiEhR

T SN SP PPV NPV F-measure ACC
DC 0.4302 0.8034 0.3940 0.8259 0.4113 0.7178
sC 0.7944 0.7944 0.3666 0.8167 0.3826 0.7041
IC 0.4319 0.8039 0.3956 0.8264 0.4129 0.7186
EC 0.4002 0.7944 0.3666 0.8167 0.3826 0.7041
LAC 0.4799 0.8181 0.4396 0.8411 0.4588 0.7406
NC 0.4662 0.8141 0.4270 0.8369 0.4457 0.7343
PeC 0.4233 0.8013 0.3878 0.8238 0.4048 0.7147
EPMHG 0.6438 0.7875 0.2242 0.9586 0.3326 0.7750
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Figure 3. The precision-recall simulation figure
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