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Table 1
sequences using SVM and Bayes covariant discriminant
methods by Jackknife test

Classifying results for protein homo-oligomers

SVM
Bayes

I-vr a-v-a

./ % Mca Q% MCC ./ %

2EM 42,67 0.28 89.93 0.358 99.23
3EM 62.59 0.45 57.55 0. 69 74.82
4EM 65.36 0.29 64.13 0.57 96. 81
6EM 47.22 0.26 46.30 0.39 55.56
Q% 50. 64 - 77.36 = 93. 43
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Fig. 1 Expected prediction accuracy with a reliability index
equal to a given value
The fractions of sequences that are predicted with Rf =0, 1. 2, -, @

are also given in jackknife test with one-versus-rest
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Fig. 2 Average prediction accuracy with a reliablity index

above a given cut-off
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Table 2 The classifying accuracy for datasets which have
different protein numbers in 10CV test using RBF kernel
SVM

Data Q. % Datal Q. % Data? Q. %

2EM 39. 28 2EM 73.26 2EM 77. 68
3EM 5108 3EM 59,88 3EM 58.99
4EM 62.65 4EM 7248 AEM 73.22
6EM 42.59 6EM 47.22 6EM 45.37
0% 75.77 0/ % 69. 85 0/ % 70. 57
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Table 3 The classifying results of homo-oligomers and
monomers in 10CV test using RBF kernel SVM

Homo-oligomers Monomers Total
MCC
accuracy%e accuracy%e accuracy%e
85.97 80.21 83.01 0.6621

€=1000, y=0.08.
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Classification of Protein Homo-oligomers Using Support Vector Machine *

ZHANG Shao-Wu" ", PAN Quan'’ ; CHEN Run-Sheng”’ , ZHANG Hong-Cai'’
(UDeparmmm, of Awomatic Conirol, Northwestern Polytechnical University, Xi'an 710072, China:
2 Instituie of Biophysics, The Chinese Academy of Sciences, Beijing 100101, China)

Abstract  The homo-dimer. homo-trimer, homo-tetramer and homo-hexamer of protein were classified using both
of support vector machine and Bayes covariant discriminant methods. It was found that the total accuracies of “ one-
versus-rest” and “ all-versus-all” are 77. 36% and 93. 43% respectively using support vector machine in jackknife
test, which are 26. 72 and 42. 79 percentile higher respectively than that of Bayes covariant discriminant method in
the same test. These results show that the support vector machine is a specially effective method for classifying the
higher protein homo-oligomers from protein primary sequences. Using “ all-versus-all” policy is better than “ one-
versus-rest” policy for classifying homo-oligomers based on the same machine learning method Csuch as support
vector machine . And it was also indicated that the primary sequences of homo-oligomeric proteins contain

quaternary information.

Key words  support vector machine, Bayes covariant discriminant, classification. homo-dimer, homo-trimer,

homo-tetramer, homo-hexamer
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