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Antigenicity Prediction of Influenza A/H3N2 Based on Graph Convolutional Networks

HE Minglong,ZHAO Kun, LI Weihua and LI Chuan

School of Information Science and Engineering, Yunnan University, Kunming 650503, China

Abstract Continual and accumulated mutations in the hemagglutinin(HA) protein of influenza A virus generates novel antigenic
strains that can evade human immunity and cause seasonal influenza or influenza pandemics. Timely identification of new antigenic
variants is crucial for the selection of vaccines and influenza prevention. Graph embedding models can effectively model interac-
tions even when some data is missing. For influenza A virus H3NZ2. this paper proposes an antigenicity prediction method based
on graph convolutional networks to obtain the low-dimensional dense embedding vector of influenza strain. Then,it encodes the
sequence information as supplementary features. Furthermore, deep neural networks is adopted to fuse these features and learn
the dominative features for antigenicity prediction. Experimental results on two datasets show that,compared with those of exis-
ting methods, the proposed method significantly improves the performance of antigenic similarity prediction,and has good robust-
ness and scalability. In addition,it can be seen from experiments that graph convolutional networks can effectively obtain the anti-

genic features of the antigenic similarity relationship.

Keywords Influenza A, H3N2, Antigenic similarity,Graph convolutional network, Neural network
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Table 2 Performance comparison between the proposed model and baseline models
Model H3N2-1 H3N2-11
Accuracy Precision Recall F1 Accuracy Precision Recall F1

Lee % 0.6114 1.0000 0.5239 0.6876 0.7926 0.7135 0.6025 0.6533

Liao % 0.9210 0.8904 0.8586 0.8641 0.7071 0.7275 0.7048 0.6953

Lees % 0.9575 0.9240 0.9104 0.9160 0.8200 0.7863 0.7712 0.7698

Peng % 0.8677 0.7908 0.8945 0.8083 0.5099 0.4565 0.5233 0.3853

Yao % 0.9815 0.9758 0.9529 0.9649 0.6766 0.6872 0.6788 0.6742
TAV-CNN 0.9658 0.9768 0.9813 0.9790 0.8575 0.8695 0.8483 0.8600

APGCN 0.9998 0.9998 0.9997 0.9999 0.9060 0.8846 0.9045 0.8993
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Table 3 Comparison of ablation experiment performance on different data sets
Model H3N2-1 H3N2-11
Accuracy Precision Recall Accuracy Precision Recall F1
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Model-3 0.9789 0.9787 0.9855 0.9794 0.8638 0.8493 0.8282 0.8357
Model-4 0.8984 0.8982 0.9000 0.8991 0.7900 0.7300 0.7882 0.7626
Model-5 0.9684 0.9784 0.9807 0.9745 0.8839 0.8692 0.8273 0.8477
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