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Tab.1 The classification results of the gene region and gene intergenic region
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Analysis method for crustacean mitochondrial gene based on SVM
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Abstract: Crustaceans mitochondrial genome contains important genetic information in the course of the species
evolution, so it is a priority research direction for the crustacean mitochondrial genome to effectively use the gene
sequence and the order information reserved in the genome. To further explore the phylogenetic relationship of
stablility and reliablility of the crustaceans, the classification function of the support vector machine was used to
realize the accurate classification and prediction of both the gene region with gene intergenic region and coding
region with non-coding region in the crustacean mitochondrial genome. In addition, in order to improve the gener-
alization ability of the classification learning machine, the cross-validation method and particle swarm optimization
algorithm were selected to optimize the training parameters of support vector machine. Through the method of
simulation analysis in MATLAB, a better classification accuracy is obtained between the gene region and gene in-
tergenic region of 10 species of crustaceans, and the excellent result is also gained between the coding region and
non-coding region of 5 kinds of crustaceans. The simulation result shows that this method is feasible and effective

and it can be well used to investigate and analyze the mitochondrial genome of crustaceans.
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