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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
raise a critical question mark on this assumption. This work formulated this issue as a binary classification
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
classification algorithms with feature selection algorithms, including ReliefF, chi-squared test, and Fisher’s 7-test
was investigated. All feature subsets were tested using the classification algorithms such as logisitic regression,
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 1 Results of four classification models on all features

. ; i
Jiik AT
Sensitivity Specificity AUC
ELM 0.778 61 0.784 56 0.851 25
. - Logistic Regression 0.811 53 0.804 90 0.873 46
4 58 X B IE
SVM(RBF) 0.881 16 0.857 52 0.938 74
Random Forest 0.926 62 0.861 77 0.958 09
% 2 Random Forests B A IF BRI EIERIMR, WL AUC EiRAS%E
Table 2 AUC results of Random Forests on the four feature selection algorithms
) RHIEE R SE
R AR
ReliefF chi-square t-test Fisher
10 0.919 87 0.918 75 0.881 74 0.897 97
20 0.935 81 0.936 18 091115 0.933 29
30 0.939 50 0.939 45 0.923 59 0.939 50
40 0.947 65 0.942 98 0.932 88 0.941 53
50 0.950 56 0.946 80 0.936 11 0.946 28
60 0.950 13 0.947 31 0.938 13 0.946 91
70 0.951 18 0.949 95 0.940 09 0.949 05
80 0.952 59 0.949 88 0.941 95 0.950 07
90 0.953 36 0.950 60 0.942 82 0.950 45
100 0.954 45 0.950 59 0.943 92 0.939 45
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Fig. 1 AUC results of Random Forests on the four feature

selection algorithms
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[IRT 80 ANRFHERT, AUC JAEIH K 0.890 68,
AT 90 MFAERIET 100 MNMEFAERT, AUC HIL/NIE
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fHILF] 0.887 80, ZJii AUC HBL/NMIE R %, 3EH
T 90 AMRFAE I X Ik 5 K{H 0.888 43, Hi 100 4™
FEHERT L B . I Fisher 50246 AT 30 4>
FRAEIT, AUC 355 0.883 11, )i AUC SHL/NIE
AL, AEHT 70 MRS, A FIE{E 0.883 64, 5

0.96,
0.94] = o m o
0.92
o g-zg —a— ReliefF
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' ://(A_*_*—-—’H_‘ e t-test
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0.8 = === All-features
0.80
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Number of selected features
T All-features MEZk F R EANRE TRFIELEFEN, SVM ST7A1T AUC &I
B2 SVM EXRWIEMMFERFERMMR, LLAUCHE
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Fig.2 AUC results of SVM on the four feature selection

algorithms

R3 SVM EAMIEMMAHEEREANMR, LAUCHEIRASE
Table 3 AUC results of SVM on the four feature selection algorithms

L RHEIE PR SIS
ReliefF chi-square t-test Fisher
10 0.867 11 0.864 42 0.834 57 0.846 63
20 0.884 43 0.878 73 0.858 73 0.881 30
30 0.88243 0.879 60 0.862 77 0.883 11
40 0.888 77 0.883 31 0.866 67 0.877 92
50 0.887 55 0.887 80 0.868 13 0.882 58
60 0.890 05 0.884 97 0.867 02 0.881 69
70 0.889 94 0.886 23 0.866 40 0.883 64
80 0.890 68 0.887 73 0.869 05 0.881 49
90 0.890 42 0.888 43 0.868 84 0.881 81
100 0.889 22 0.88579 0.869 87 0.881 59
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FRAE, R el 2. EH chi-
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A =P VL LI 2 T chi-square, {HZE 5
# LI /N
4.5 FFEIREXIBIEERYVAF XS LR N
Logistic Regression 53 1)l i 45 5 i 4]
4 R 5 fion. AHEGBL B =R 53k, Logistic

#4 ELM BRIIEMMEEEEREIERNR, ULWAUCHERASE
Table 4 AUC results of ELM on the four feature selection algorithms

e FHIEE PR HE
RRIESCE
ReliefF chi-square t-test Fisher
10 0.83578 0.827 30 0.802 48 0.806 85
20 0.877 67 0.854 30 0.832 35 0.858 49
30 0.859 08 0.875 67 0.847 55 0.861 01
40 0.862 73 0.883 77 0.867 45 0.866 06
50 0.871 54 0.885 03 0.843 53 0.859 25
60 0.864 93 0.873 18 0.849 66 0.866 22
70 0.868 06 0.868 48 0.840 56 0.868 29
80 0.864 99 0.876 13 0.846 75 0.863 55
90 0.865 21 0.873 25 0.856 37 0.864 59
100 0.861 99 0.873 66 0.852 82 0.864 43
0.88)
0.90, 0.84
0.88] 0.80, .
—a— ReliefF
0.86 Q 0.76/ K
. ReliofF 5:) ——s— chi-square
L 0.84 e 0.72] i t-test
=) —+— chi-square .
< 0.82 0.68- —ae— Fisher
—r— }-test AlLF
0.80 —e— Fisher 0.64, ==~ All-features
0.78 - === All-features 060 —
10 20 30 40 50 60 70 80 90 100
0.76 Number of selected features

10 20 30 40 50 60 70 80 90 100
Number of selected features
e All-features M E R EANMATRAEL SN, ELM 5LVAH) AUC &I
3 ELM F I MAEHEIAR EIEMBER, UL AUC #E
RASE
Fig. 3 AUC results of ELM on the four feature selection

algorithms

e All-features MEZEFRRAEAHTRHEERERS, Logistic Regression 572
M1 AUC &
4 Logistic Regression B %50 MUAFEIZE BRI
R, LLAUC EizAS %
Fig.4 AUC results of Logistic Regression on the four

feature selection algorithms
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%5 Logistic Regression B EIE MFFEER B AR, LLAUC EirAS%

Table 5 AUC results of Logistic Regression on the four feature selection algorithms

AR FRAE R SR
ReliefF chi-square t-test Fisher
10 0.683 34 0.646 81 0.614 94 0.660 44
20 0.742 14 0.687 69 0.679 76 0.717 56
30 0.762 25 0.730 62 0.734 50 0.735 04
40 0.775 47 0.763 96 0.770 87 0.749 51
50 0.799 40 0.799 22 0.798 40 0.772 56
60 081775 0.811 83 0.806 92 0.775 30
70 0.828 12 0.820 81 0.811 70 0.789 92
80 0.842 77 0.829 91 0.816 79 0.799 93
90 0.849 82 0.833 11 0.821 13 0.814 45
100 0.851 24 0.836 21 0.827 46 0.826 36
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Fig.5 Top 100 features the four algorithms selected
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Fig. 6 Distribution of 100-fold frequency difference between chromosome and plasmid
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Table 6 Results of four classification models on the top 26 features which absolute value of squared frequency is above 1

it ik i
Sensitivity Specificity AUC
Logistic Regression 0.689 675 0.697 916 0.765 526
A X ELM 0.714 204 0.752 665 0.804 623
SVM(RBF) 0.822 806 0.795 442 0.890 024
Random Forest 0.895 540 0.842 865 0.943 174
5 %5 i SRS chi-square SEVETE H IHT 80 AV,

Zra Ll B, GEHL ReliefF 5320% H )
A 100 MEEME, 1= H Random Forests 57753E17 7
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2~5 () Z MM “k PRI H” IRy
fiE, IFHOINRHIEE L. 49 3&W], Random
Forests 57K H ReliefF HEERERIHT 100 /MEFHIE
I, AUC Alik 2 fr A A 2 b (K i L 0.954 55
SVM (RBF kernel) 532K ] ReliefF HiLIEFE 1)
i 80 AMFAERS, AUC At nlis®) 0.890 7; ELM

AUC ffnliA%] 0.876 1; Logistic Regression >
HI ReliefF SVEILEFEMIHT 100 NMRFE, AUC Al
FIIKE] 0.851 20 AL, SERCR A AR AL D> T
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Table 7 Our experiment AUC result compared to cBar
A 87 AUC
cBar-SVM 09150
CBar-NN 0.864 0
cBar
CBar-Bayes net 0.8150
cBar-C4.5 0.841 0
Random Forest-ReliefF(100 features) 0.954 5
Ak SVM-ReliefF(80 features) 0.890 7
ELM-chi-square(80 feateres) 0.876 1
Logistic Regression-ReliefF(100 features) 0.8512
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