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Abstract Genome assembling is one of the challenges in metagenomic analysis. It is usually assumed that 

the sequencing reads are from the same genome. However, the mobile elements active in microbial genomes 

problem. The accurate discrimination of mobile elements from chromosomes could greatly facilitate the 

metagenomic analysis. After quantifying the sequencing reads in metagenome, the collaboration of binary 

t-test 

extreme learning machine, support vector machine and random forest. Experimental results demonstrate that 

the model based on ReliefF algorithm and Random Forest algorithm achieves over 95% in accuracy with only 

100 features, which outperforms the model utilizing all 690 features. 
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Table 2 AUC results of Random Forests on the four feature selection algorithms
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Table 3 AUC results of SVM on the four feature selection algorithms
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Table 4 AUC results of ELM on the four feature selection algorithms
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Fig. 4 AUC results of Logistic Regression on the four

feature selection algorithms
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Table  5 AUC results of Logistic Regression on the four feature selection algorithms
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Table 7 Our experiment AUC result compared to cBar
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Fig. 8 Top 26 features which absolute value of squared 100-fold frequency difference is above 1
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