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Prediction of Antigenic Similarity of Influenza A/H5N1 Virus Based on Attention Mechanism
and Ensemble Learning

WANG Ying-hui, LI Wei-hua, LI Chuan, CHEN Wei and WEN Jun-ying

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

Abstract Influenza A virus can lead to seasonal influenza virus outbreaks or even global outbreaks. Continued and cumulative
changes in the hemagglutinin protein of influenza viruses can lead to the antigenic variants that reduce vaccine effectiveness or
even cause vaccine failure. Therefore.antigenic similarity prediction is critical for influenza outbreak surveillance and vaccine se-
lection. Although A/H5NT1 virus originates in poultry,they can cause pneumonia and multiple organ failure in humans. In view of
influenza virus and the antigenic characteristics,this paper designs a neural network model to predict the antigenic similarity be-
tween viruses. Specifically, the model represents amino acid sequences based on the K-mer embedding and position specific scoring
matrices(PSSM) , then integrates the features. Furthermore, integrated deep learning model fused with attention mechanism for
antigen similarity prediction. Experimental results show that the model significantly improves the accuracy, precision, F1 and
MCC compares with the baseline models. Experimental results show that the model has good robustness and extensibility,and has
good application potential in the field of antigenic similarity prediction.

Keywords Antigenic similarity,Influenza A, H5N1,Ensemble learning, Attention mechanism
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4.3 MEBEIFMHIERR
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4.4 ZWHFITEHERHH
T B UE TREL 8R4 P8, A8 SCi T 6 N30 R A 5
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SLE 1 ARSCUH A Liao By kL Lees BYJT 35\ Peng B9 7
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20 % BB HE AR s 4 LR I 2R 4B 4 5 37 A2 B IE 9 A7 A
R BERE SR 5 S i 4 I 4, R ol T X LG, S 1 R M
A BRI 2 K0 5 Jr i, 3 2 A0 T A SCH) TREL #4 #
FFLLE BRI A PERE . AR I+ F , TREL BERUE T 7 4 3L 48
MR, B, 5 TAV-CNN B AU L, TREL 5 R ) i 5 5 48
W TAAY TR 1%, B RS 8. 2%, F1 Ao it
5% ,MCC #it 11. 3%, Z5HRF W, BT L W41 TREL
FERI R T HENT 9 35 Bt A B 190000 ) 4 R .

# 2 TREL BRI 5 FLLR AT (19 M B L 35

Table 2 Comparison between TREL and baselines

Model Acc Pre Rec F1 McCC
Liao % 0.818 0.825 0. 809 0.802 0.616
Lees % 0.759 0.751 0.735 0.737 0.483
Peng % 0.765 0.754 0.745 0.747 0.499
IAV-CNN 0. 889 0.910 0.894 0.897 0.746
TREL 0.933 0. 920 0.976 0.947 0.859

# 3% T TREL BAVFERN [ R AE B9 R, A SEE
LERTATLIFE B FEA — T 1-mer 0945 AF 2R 7] DL 315 B
FEAYPEfE s R K-mer 5 PSSM AN J7 AR fil-& 7T LA 4R 745
B YEfE. B 3-mer 5 PSSM # 17 #¢ 1F /il & )5 B9 4 15 72
TREL A | B R K55 0. 889, £ T H Al fiF 28 5 X

SIMTIR R AT B 3-mer A M AREMR LT XILRFLS
PSSM AT Hh 75 A7 1 R R MR HE AL AR B b L By T O A
#* 3 AR R T5 3 R

Table 3 Impact of different feature representations

Method Acc Pre Rec F1 Mcc
1-mer 0. 884 0.915 0. 896 0. 904 0.762
2-mer 0. 882 0.913 0. 896 0.903 0.758
3-mer 0.876 0.918 0.879 0.897 0.748
PSSM 0. 869 0.891 0.900 0. 894 0.728

I-mer&.PSSM 0.878 0.906 0.896 0. 900 0.747
2-mer & PSSM 0.878 0.912 0.888 0.899 0.748
3-mer&.PSSM 0. 889 0.915 0.903 0.908 0.769

F 4 FH T TREL &AM 7 B iy PERE . TREL £
BN TCLSTM 5 ResAM B ANl 7 85 e 1] LU L 4 <7 45
B 22 ] (4 A B T Ak SR 22 B N, e s AR ER R U L TR0 () oA
FERET 1.1%, HK# % \Rec \F1,MCC ¥4 A [F & B (1 32
Tk, FE W TR A B Bl & T TCLSTM X & 3 1 1 72 40 Mt 4% 4
P, BAES S ResAM BEH SR 2 AR IR R B BE /1. 458
LA Bl A R 9 TREL B R AR b b 37 485 70 5L A T 47 1) 5
PR TR

4 ST B 5 A R ) BERLE R Y R

Table 4 Performance comparison of independent model and TREL

Model Acc Pre Rec F1 McCC
TCLSTM 0.875 0. 900 0.898 0.898 0.741
ResAM 0.875 0.910 0. 885 0. 896 0.742
TREL 0. 889 0.915 0.903 0.908 0.769

5 HH T EE S HLE DA ResNet #5 B F1 £ pl AR £Y
TREL Gy ERE . TLLE 3= AR A L 32 7+ 7 3
RN A 20 SR L 26 IR R S ML AT DA A B0 O IR R R AR IE 1
B3 HAR YR AT b 0 R R 6 R S B AR (S B

5 VI X R T B 0 B 1

Table 5 Effect of attention mechanism on model prediction
performance
Model Ace Pre Rec F1 Mmcc
ResNet 0. 864 0.905 0.872 0. 887 0.721
ResAM 0.875 0.910 0. 885 0. 896 0.742
TREL T & 7 0.875 0.901 0. 896 0.897 0.742
TREL 0. 889 0.915 0.903 0.908 0.769

6 HH T RFEBA T H5NT B JE A B4 1500 8 o4 g .
X H AR TR 4 4 A% B8 Bl 48 2% 2] BB K 3 48 (K-Nearest Neigh-
bor, KNN) . 37 £ 1] 4 #l (Support Vector Machine, SVM) #ll
Adaboost( Adaptive Boosting) 5 ¥k, DL S HiL 38 %) 35 B 22 ) f5
B LSTM FI[T#1E 38 (Gated Recurrent Unit, GRU) 4%, M
# 6 T LA 2] TREL B RAL TS AL s 2 2T 1 7 vk . X R 9
Pl 25 160 2% A5 7D i S A7 &40 4 42 ) HONL i 38 HA Y 91 19 45
fE. INF 6 ] LLE B, TREL [ 1500 45 28088 1 22 o pih 22
Do 245 A5 R, ok 3% WY AR TR B % ) BB FE HSN it J5 AR 1L 2 T
M B B i

# 6 TREL 58l 22 SR AL A 1 B L 4%

Table 6 Performance comparison of TREL and classical model

Model Acc Pre Rec F1 McC
KNN 0.829 0.829 0.832 0. 825 0.652
SVM 0.828 0.831 0. 820 0.817 0.639
Adaboost 0. 844 0.837 0.837 0. 835 0.672
LSTM 0.781 0.796 0.897 0. 837 0.483
GRU 0.833 0.873 0. 856 0.863 0.652
TREL 0. 889 0.915 0.903 0.908 0.769
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