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Prediction of Poplar Protein Secondary Structure with Artificial Neural Networks

GAO Guang-qin, MEN Qing-ling, HUANG Jia-rong’

(Henan Agricultural University , Zhengzhou, Henan 450002, China)

Abstract: The paper studied a model for predicting the secondary structure of poplar protein with artificial
neural network modeling technology, based on the public biological information database, PDB that has
important application value for understanding forest dynamic mechanism, and raising the level of forest re-
sources information management, and improving pharmaceutical design of forest protection. It has impor-
tant academic significance for studying forest biology and bioinformatics. Twenty seven poplar protein
samples were downloaded from public database, 2947 amino acids were extracted. An amino acid sequence
fragment of protein primary structure was cut out with a sliding window that length was 17, and was coded
by [ —1,1] coding scheme. The BP neural network model with the structure, 17 : S: 3, was created, by
taking the [ —1,1] coding as input variable, and protein secondary structure (spiral, folding, and random
curl three state) corresponding amino acids at the center of the fragment as output variable. Through
training and optimum seeking, the idea model structure was 17 : 9 ¢ 3, the overall fitting accuracy was
71% s the overall prediction accuracy was 65% , and the prediction accuracy of H was 81%. The results in-
dicated that the proposed model had higher prediction accuracy than the similar studies in the past.
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Fig. 1 Neural network model forecasting secondary structure of poplar protein(17 : S 3)
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Network6 17:6:3 120 9 0.130 173 200 0.633 47 0.585 78
Network? 177+ 3 140 10 0.128 279 200 0.657 52 0.622 33
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Table 3 Weights between input layer nodes and hidden layer neurons and latter thresholds
A Z/BUE
Wiz
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1 0.115 34 1.758 3 —0.043 189 0.233 35 —0.197 63 0.112 51 0.411 27 —0.598 05 0.108 29
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Table 3 (C) Weights between input layer nodes and hidden layer neurons and latter thresholds
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2 27.602 2 5.54 17. 317 12.640 2 24.0312 —34.972 2 0.503 13 —13.572 64.284 2
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5 11.014 7 —17.741 3 15.400 5 —11.206 5 —12.8741 —7.3223 1.997 7 8.648 12.087 3
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Table 4 Weights between hidden layer neurons and export layer neuron and latter thresholds
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1 —0.505 31 0.179 25 0. 135 35 0.130 16 0.112 2 0.146 45 0.13191 —0.19563 0.237 11 0.658 61
2 0.498 87 —0.2518 —0.1341 —0.144 2 —0.0907 —0.1452 —0.1159 0.160 61 —0.236 4 —0.003 88
3 0.013 036—0.002 1 —0.004 9 0.000 57 —0.0050 —0.004 1 —0.007 9 0.004 988—0.008 5 0.002 609
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