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RNA Secondary Structure Prediction Based on Support Vector
Machine Classification

Yingjie Zhao, and Zhengzhi Wang
College of Mechatronics Engineering and Automation, National University of Defense Technology, Changsha 410073, China

Abstract: The comparative sequence analysis is the most reliable method for RNA secondary structure prediction, and many
algorithms based on it have been developed in last several decades. This paper considers RNA structure prediction as a 2-classes
classification problem: given a sequence alignment, to decide whether or not two columns of alignment form a base pair. We
employed Support Vector Machine(SVM) to predict potential paired sites, and selected co-variation information, thermodynamic
information and the fraction of complementary bases as feature vectors. Considering the effect of sequence similarity upon
co-variation score, we introduced a similarity weight factor, which could adjust the contribution of co-variation and thermodynamic
information toward prediction according to sequence similarity. The test on 49 Rfam-seed alignments showed the effectiveness of our
method, and the accuracy was better than many similar algorithms. Furthermore, this method could predict simple pseudoknot.
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The statistical chart of gap’s number in pair position of 164 published alignments from Rfam-seed
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Fig. 2 Statistical chart of gap’s percentage in pair position of 164 published alignment from Rfam-seed®*!!

The statistical chart of 43 training alignment from Rfam

100
80
=
I LilL I | I | I i 1
I Similarity% I Similarity%(filted)  Length/10 Bl Length/10( ﬁlted)-Numbcn’IU
0 4’L4h?L@'@l@h¢.4,'@‘?l?l?.‘9‘?.'9 '9 @l l l 4‘. l l i “P. L“PL“P “P ‘?l‘? 4.‘?L
T e e e T e T T ot T e T mmmx»x\x»x»,ox»x»x»,o,ox»,o x»,o,o,o,o,ox»,ox»,o,o,ox»,o
e i o o e, AN AR
I e e e ooy s s ok s

The ID of training alignments

B3 NGEL g it

Fig. 3 Statistical chart of 43 training alignments from Rfam{®**!
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Table 1 Result of various methods which performed on 49 test alignment:

4[50.51]

High similarity (>80%, 18 alignments)

Low similarity (<80%, 31 alignments)

Method
MCC Selectivity Sensitivity MCC Selectivity Sensitivity
SVM-sp 0.818 0.779 0.871 0.871 0.832 0.926
KnetFold? 22 0.806 0.783 0.836 0.845 0.800 0.905
SVM 0.727 0.673 0.798 0.839 0.772 0.929
Pfoldt ! 0.719 0.649 0.816 0.752 0.671 0.869
RNAalifold?% 0.637 0.585 0.705 0.595 0.524 0.685
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A . The relation of MCC, selectivity and sensitivity with similarity
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