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Table 1 The confusion matrix of 10-fold cross validation test with different C using

RBF kernel (g=0.05) support vector machine

C=1 C=10 C=100 C=500 C=1000 C=10000  C=100000  C=1000000
TP 810 772 772 772 773 778 772 772
TN 383 443 443 443 443 443 443 443
FP 342 282 282 282 282 282 282 282
FN 104 142 142 142 141 136 142 142
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Table 2 The confusion matrix of 10-fold cross validation test with different

g using RBF kernel (C=1000) support vector machines

£=0.03 £=0.05 £=0.06 2=0.1 2=0.5
TP 730 773 788 846 268
TN 477 443 426 339 725
FP 248 282 299 386 646
FN 184 141 126 68 0
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Table 3 The confusion matrix of Decision-tree method, support

vector machines (SVM) method and Bayes method

Decision SVM (g=0.05, C=1000) Bayes
tree 10CV Jackknife 10CV Jackknife
TP 714 773 783 319 326
TN 433 443 518 610 640
FpP 292 282 207 115 85
FN 200 141 131 595 588
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Table 4 Some common performance measures derived from the confusion matrix

Decision SVM (g=0.05, C=1000) Bayes
tree 10CV Jackknife 10CV Jackknife
Sensitivity 0.781 0.846 0.857 0.349 0.357
Specificity 0.597 0.611 0.714 0.841 0.883
Positive predictive rate 0.709 0.733 0.791 0.735 0.793
Negative predictive rate 0.684 0.759 0.798 0.506 0.521
Overall accuracy 0.699 0.742 0.794 0.567 0.411
TP rate 0.781 0.846 0.857 0.349 0.357
FP rate 0.402 0.389 0.286 0.159 0.117
Mathews correlation coefficient 0.386 0.474 0.580 0.214 0.274
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CLASSIFICATION OF QUATERNARY STRUCTURE
USING SUPPORT VECTOR MACHINES AND BAYES METHODS

ZHANG Shao-wu, PAN Quan, ZHANG Hong-cai, ZHANG Yun-long, WANG Hai-yu
(Department of Automatic Conirol, Northwestern Polytechnical University, Shanxi Xi'an 710072, China)

Abstract: The quaternary structure was classified using support vector machine method and Bayes method.
It was found that the result of using support vector machine is the best, using 10-fold cross-validation test, the
overall accuracy, true positive rate, Mattew's correlation coefficient and false negative rate are 74.2%, 84.6%,
0.474, 38.9% respectively; the result of Bayes method is not so good as that of the support vector machine
method, the false negative rate of using 10-fold cross-validation test is the smallest. Those results show that the
primary sequences of homo-oligomeric proteins contain quaternary information. The feature vectors appear to
capture essential information about the composition and hydrophobicity of the residues in the surface patches
that are buried in the interfaces of associated subunits. And they also show that the support vector machines is
a specially effective method.

Key Words: Support vector machines; Bayes; Protein quaternary structure; Subunits



