wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

HTF transformerfI JETREEBITRUH 1 N1 FERREHE
||, Z=4ELE, F0RE, FRfE, R

SIRAAX

)|, 4%, Ti0EE, FE, XERFETtransformerfyI EEREFUNH TN URBFRRIED]. HE
HRLE, 2022, 49(11A): 211000209-6.

LI Chuan, LI Wei-hua, WANG Ying-hui, CHEN Wei, WEN Jun-ying. Gated Two-tower Transformer-
based Model for Predicting Antigenicity of Influenza H1N1 [J]. Computer Science, 2022, 49(11A):
211000209-6.

B EEE (BERXIMNE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
ET2RSRFTFEINBRIIIER

Sentiment Analysis Framework Based on Multimodal Representation Learning

HEHNRIE, 2022, 49(11A): 210900107-6. https://doi.org/10.11896/jsjkx.210900107

ETF B Transformer BELFIERBIGE
Continuous Sign Language Recognition Method Based on Improved Transformer

HENRIE, 2022, 49(11A): 211200198-6. https://doi.org/10.11896/jsjkx.211200198

EFIENNHISERFEINREHSN TR STURBETTL
Prediction of Antigenic Similarity of Influenza AH5N1 Virus Based on Attention Mechanism and
Ensemble Learning

HEHNRIE, 2022, 49(11A): 210900032-6. https://doi.org/10.11896/jsjkx.210900032

ETZTENZERKESRENEG#ELEE
Spatial Encoding and Multi-layer Joint Encoding Enhanced Transformer for Image Captioning

HEHNRIE, 2022, 49(10): 151-158. https://doi.org/10.11896/jsjkx.210900159

EFZEARENZEMENZBRETUEE
Multi-time Scale Spatial-Temporal Graph Neural Network for Traffic Flow Prediction

HENRISE, 2022, 49(8): 40-48. https://doi.org/10.11896/jsjkx.220100188


https://www.jsjkx.com/CN/10.11896/jsjkx.211000209
https://www.jsjkx.com/EN/10.11896/jsjkx.211000209
https://www.jsjkx.com/CN/10.11896/jsjkx.210900107
https://doi.org/10.11896/jsjkx.210900107
https://www.jsjkx.com/CN/10.11896/jsjkx.211200198
https://doi.org/10.11896/jsjkx.211200198
https://www.jsjkx.com/CN/10.11896/jsjkx.210900032
https://doi.org/10.11896/jsjkx.210900032
https://www.jsjkx.com/CN/10.11896/jsjkx.210900159
https://doi.org/10.11896/jsjkx.210900159
https://www.jsjkx.com/CN/10.11896/jsjkx.220100188
https://doi.org/10.11896/jsjkx.220100188

R iF L8 http: /www. jsjkx.
1+ﬁ-*ﬂ13+¢ ttp:// isj com

COMPUTER SCIENCE DOI:10. 11896/jsjkx. 211000209

EH F transformer B[ 3= XWE BB T HINT i B HT/E 4

F Il L FTOE OB F  XER#H
ZHAFRERFKRK BY 650503
(lichuanfirst163@163. com)

 E ARRKRELEFREOORBREFEIGAERTG Z L. FHORERTRILEZTRAZALE RBRKBAE.
BEAAMNBRREFASEFGHARRITEXET R, SHORLR iﬁwﬁﬁ%rﬁ&mﬁ&%ﬁ¢f& ﬁ ) 5% 09 4
AEFILAAFOAFRGET RFOHERTH A ERAAAG T A RN L REA BRI A A B EEGAL
B )55 P AR, AT transformer A — AT BERN B3 MAFTHARRELE T ZFOWRALR S 2. A A \AF47
%%%ﬁﬂﬂmmﬁ%méﬂ%hﬁﬁ%ﬁ@%%“@%iﬁﬁ&ﬁ%ﬂmﬁ%?%ﬂ%%ﬂ ERFGEIBEXR, AT
VHFEP GRS A S T LR R B TAR A E BT CNAN TR ERITRFRRS, R
BAE R kA AETRM HINI AR REF#k, ZHINI #HBEE LW ETRLEREAN  ZHEDARNKRFHEIEFIEF IR IR
BT RABEFORM A, ot LA RAFe &k,

S W AR B HINT ; 3R HEFA M 5 transformer; S AL AL 5 17 AU 4

*E%ﬁﬁq’ww1

Gated Two-tower Transformer-based Model for Predicting Antigenicity of Influenza H1N1

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

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

Abstract The rapid evolution of influenza virus hemagglutinin protein has led to the continuous production of new virus strains,
which may cause seasonal influenza and even global influenza outbreaks. Timely detection of antigen variants is essential for vac-
cine screening and design. Therefore,a robust predictive model of antigenicity is an effective method to deal with the challenge of
vaccines. Various end-to-end feature learning tools provide good feature representation methods for proteomics, but the existing
influenza A prediction models cannot effectively extract and utilize features in amino acid sequences. In this paper,a gated two-
tower model is designed based on the transformer, By inputting the amino acid sequence of the influenza A virus hemagglutinin
protein, two parallel encoders are used to capture the antigenic characteristics from the time and space dimensions of the hemag-
glutinin protein amino acid sequence,and learn the nonlinear relationship between features and prediction results. In order to re-
duce the noise in the data, when fusing the features in the time dimension and the space dimension,the weights that measure their
relative importance are adaptively obtained through the gate mechanism for selective fusion, and finally the fusion features are
used to predict the HIN1 influenza antigen variants. Experimental results on the HIN1 data set show that the use of the model’s
excellent non-linear feature learning ability improves the predictive performance of antigenic variation,and at the same time has
good robustness.

Keywords Influenza A,H1NI1, Antigenicity prediction, Transformer, Two-tower mode, Gate mechanism
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Table 1 Comparison of our model with baselines
Model accuracy — precision  recall F1 MCC
Lees %48 0.726 0.718 0.718  0.709  0.433
Peng 211 0.715 0.747 0.741 0.713 0. 480
Liao 209 0.753 0. 760 0.744 0.730 0.487
Zhou % [10] 0. 859 0.896 0.882 0. 889 0.756
Tran %012 0.908 0.938 0.902 0.924 0.812
Yin % [16] 0.920 0.928 0.915 0.924 0. 806
GTDM 0.946 0.968 0.942  0.955  0.887
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Table 2 Comparison of amino acid coding methods

Encoding accuracy precision recall F1 MCC
HM 0. 888 0.948 0.863 0.904 0.776
MP1 0.917 0.956 0.905 0.930 0. 830
AF 0.920 0. 946 0.921 0.933 0. 834

PAM250 0.901 0.921 0.916 0.918 0.793

Blosum62 0.907 0.940 0.905 0.922 0.809

PSSM 0.920 0.961 0. 905 0.932 0. 837
ME 0.923 0. 966 0.905 0.935 0. 845
MP2 0.904 0.930 0.911 0.920 0.801

Onehot20 0.920 0.961 0. 905 0.932 0. 837

AESNN3 0.904 0. 940 0. 900 0.919 0. 803

ANN4D 0.898 0.925 0.905 0.915 0.787

protVec 0.946 0.968 0.942 0.955 0.887

4.3 REFIERILL
ST BAE GTDM A5 E IR i 2 37 A5 A0 v (1 350000 5 2R, 3%
A4 5 00 B ot 2 T 8% v 4 11 5 0 2R 0 4% (GRUD | X [l 47 3
P2 ) 25 (BRNIND L Bz 45 & 17145416 B 0 42 19 246 1 i 25 g AL o
B GRU_ATTENTION #4754 b, SEER 4 R ank 3 s,
#3 OB IBIRRS I

Table 3 Deep learning model comparison

Model accuracy  precision  recall F1 Mcc
GRU 0. 850 0. 860 0.883 0.871 0.692
BRNN 0. 856 0.722 0.591  0.650  0.565
GRU_ATTENTION  0.907 0.947 0.889 0.911 0.815
GTDM 0. 946 0.968 0.942 0.955 0.887
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ATTENTION, 525045 R 5 0E T 1% e L 4% 2 > B R A7 7 J)
PR T R B2 2 S BB R AE — i PR B I o i 2 Jry KR 4, 4
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P ALV I 3 AN AR R,
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GTDM, : £ GTDM fifi I #H [F] A 5 B 46t gate MLl AL G .

¥ GTDM 5 3 SRR TI/E HINT a4 A7 505,
S EE AN 4 pral, M 4 v AL, GTDM #J accuracy, Pre-
cisionsRecall, F1,MCC 435I bt 3 A4~78 PR A8 R o i 8 - M B 18
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Table 4 Ablation study results

Model accuracy precision recall F1 Mcc
GTDM. 0.917 0.936 0.926 0.931 0. 826
GTDM; 0.930 0. 957 0.911 0.940 0. 858
GTDMy 0.920 0.951 0.916 0.933 0. 835
GTDM 0.946 0.968 0.942 0.955 0.887
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Table 5 Robustness analysis

TestData Model accuracy  precision  recall F1 Mcc
2016 GTDM 1.000 1.000 1.000 1.000 1.000
IAV_CNN 0. 960 0. 900 1. 000 0.947 0.919
GTDM 0.928 0.909 0.909 0.909 0.882

2015—2016
TAV_CNN 0.835 0.810 0.586  0.680  0.586
GTDM 0.921 0.923 0.800 0.857 0.807

2014—2016
TAV_CNN 0.812 0.762 0.533  0.627 0.521
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2016 4F,2014—2016 4F BB 88 b, GTDM BRI 1Y accu-
racy 5 TAV_CNN BB 496,12, 6%.,10. 9%, X A4-4%
WEW ,GTDM HAg T4 i fe k.

GEHRIE R SCER X AL O O A HINT i B R M
T, 2 F transformer BT T — N7 #8 BUE AR B R B A £ R
FEAR TR 1 0 AR 1) 52 2 s TR R B DR S, R b
RETLAR FIPIAS IEAT 09 G 5 45 43 01 N =B TR I 5 f 28 4 1 il 42
EAE S HL AR Rk 56 &R L I gate Bl )28 4 B 00 AT 22 1)
FYAR AR AR JE FF HINT SUsdE i . 28 HINT $od &
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AE 2 3 R T, I i T B0 IR AR S 0 RO M e AN R
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