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1

Tab.1 Sources of the training datasets
ns nei nAcc/ Yo
A erop yrum p ernix 235 224 95.32
A rchaeog lobus fulgidus 245 229 93.47
M. thermoautotrophicum 46 35 76.09
Methanococcus j annaschii 354 335 9. 63
Methanopyrus kandleri 331 317 95.77
Pyrobaculum aerophilum 201 191 95.02
Pyrococcus abyssi 298 288 96. 64
Pyrococcus f uriosus 266 259 97.37
Sulf olobus acidocal darius 90 80 88. 89
Sulf olobus solf ataricus 287 255 88. 85
Sulf olobus tokodati 233 213 91.42
Thermoplasma acidop hilum 216 169 78.24
T hermoplasma volcanium 182 149 81.87
T hermotoga maritima 367 330 89.92
Thermus thermophilus 170 139 81.76
Bacillus halodurans 511 433 84.74
Chlamydia trachomatis 343 314 91.55
Deinococcus radiodurans 367 334 91.01
Lactococcus lactis 585 527 90. 09
Mycoplasma genitalium 241 227 9%4.19
Ricketisia prow azekit 346 290 83.82
Shigella f lexneri 1157 1 086 93.86
Synechocystis sp . 640 599 93.59
Yersinia pestis 705 679 96.31
8416 7702 91.52
1.3
, 3 .
(1 . 3 521 4 895 ,
(2) ) 5 o 3 521 4 895 5
( 704 979 ). « g : 1
2 4 2 5 2
(3) . , 859 :
8416
, Aquifex aeolicus(
95 )" Xylella f astidiosa( 26C)".
, 382 325 76 ,
152 [9].
1.4
(Kse) (Ksp) (Thee)  Matthew (xmcc)
TP
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TP+ FN (1
Ksr IN (2)
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o TP+ TN
M= TPy FP+ TN+ FN’ (3)
_ (TP+TN)- (FP* FN)
XM = (4)
J(TP+ FN) * (TN+ FP) * (TP+ FP) * (TN+ FN)
TP ; ; FN , ;
TN , ;FP ,
Weka(http://www. cs. waikato. ac. nz/ ml/ weka/),
JAVA el Pentium V 2.7 GHz,512 MB RAM.
2
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Fig. 1 Optimization of learning rate and momentum
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R . , 8416
R 859 . , 458
422 ., 401 369 92.1% 92.0%,
92.1% . , 3.9% ,
2.3
BP MLP K- (K=NN) (RBE-NN) (Naive
Bayes) 3 , 2 , NN 100%, MLP
8.5%, K-NN 2 MLP
MLP Tab.2 Comparison between the M LP
_K=NN model and other algorithms
) M LP KE KSI’ I]Acc XMCC
REF MLP 91.3 91.7 91.5 0.83
K-NN 100.0 100.0 100.0 1.00
? 3 ’ RBE-NN 84.0 86.7 8.6 0.70
85. 6%, 85. 4%  90. 2%, Naive Bayes 85.6 84.7 85.1 0.70
MLP 5 , MLP 8.4 90.3 8.2 0.76
, MLP K-NN 8.5 88.6 87.7 0.75
5 99 3 RBE-NN  84.0 86.4 85.4 0.70
MLP . _MLP Naive Bayes 85.3 84.8 8.0 0.70
MLP 92.1 92.0 92.1 0.84
» MLP K-NN 8.1 90.3 8.6 0.79
’ RBF NN 88.4 92.3 90.2 0.81
, 13 min, Naive Bayes 89.5 90.5 90.0 0.80
1 min
2.4
8 416 3
859 4 Tab.3 Influence of protein size on prediction accuracy
, N ne Naee/ %
3 3N , L 2800 344 336 97.7
500 <L< 800 922 884 95.9
200<L< 500 4 653 4 299 92.4
( >800 L< 200 2 497 2 183 87.4
) : 97. 7% L 2800 29 29 100.0
100% ; 500 800 500 <L< 800 112 107 95.5
, 922, 112 200 <L < 500 551 516 93.6
884,107 L< 200 167 140 83.8
95.9% 95.5%; ( 200 500 ) R
R 92.4%  93. 6%:; ( 200 ) , R
87.4%  83.8%, 4.1% 8.3%.
MLP , M. thermoautotrophicum
11 , 4 ( 36. 4% ) 200
; T. thermophilus 31 , 12 ( 38.7%)
; B. halodurans 78 , 38 ( 48.7%)
; R. prowazekit 56 , 29 (

51.8%)
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20 ( 20 )

3 , MLP 91. 5%,
88.2% 92.1%. K-NN ,MLP 3 ,
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Application of a BP Algorithm Based Multi Layer Perceptron
Model to Discriminate Thermophilic and Mesophilic Proteins

ZHANG Guangya, GE Hut+hua, FANG Batshan

(Institute of Industrial Biotechnology, Huaqiao University, Quanzhou 362021, China)

Abstract: In this paper, a back propagation ( BP) algorithm based multtlayer perceptron model was proposed to dis-
criminate thermophilic and mesophilic proteins. When the momentum parameter, learning rate and the number of the hid-
den layer nodes were 0. 2, 0.5 and 11, respectively, the model had the best performance. T he success rate for self-consis-
tency check, cross-validation and independent test with other dataset was 91. 5%, 88. 2% and 92.1%, respectively. It
outperformed other pattern recognition methods such as K-nearest neighbors, Naive Bayes and RBF neural network. The
model was robust and has good generalization. The influence of protein size on prediction accuracy was also addressed.
For big and moderate protein, the prediction accuracy was hjgh, whereas for small protein, it was low

Keywords: back propagation algorithm; mult+layer perceptron; pattern recognition; thermostability



