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Identification of circular RNAs using genomic sequence features
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Abstract ; Circular RNAs (circRNAs) are a class of novel RNAs with important biological functions. Currently, the
identification tools of circRNAs are dependent on high—throughput sequencing. However, due to defects in data and
their identification mode, low accuracy, low overlapping rate of different methods, high false positive rate, and
false negative rate generally exist. To solve this problem, we built a model to identify circRNAs from the very
beginning based on the inherent features of the genomic sequence rather than sequencing data. We selected 100
genomic sequence features related to circRNAs including the length of flanking introns, the density of A—to—I RNA
editing sites, and the pairing score of Alu elements in the flanking introns, built machine learning model, identified
the circRNAs in human genome, compared the classifying results of two machine learning algorithms, random forest
(RF) and support vector machine (SVM). The results showed that the selected features could effectively identify
circRNAs and different sequence features had different contributions to the identification of circRNAs. In addition,
RF model had a better performance than SVM model in identifying RNAs.
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Fig.2 Top 40 features from Random Forest importance ranking that influence the prediction of circRNAs
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Table 2 Performance in model training %0
DataSet Algorithm Sn Sp ACC MCC
RF 97.45 97.96 97.72 95.43

group]l
SVM 94.18 97.62 95.96 91.94
RF 98.79 98.77 98.78 97.49

group2
SVM 98.10 97.30 97.78 95.37
RF 97.45 92.11 94.92 89.89

group3
SVM 81.59 95.36 88.11 77.21
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Table 3 Performance of independent testing dataset %

Algorithm Sn Sp ACC McCC
RF 80.87 96.53 88.62 82.46
SVM 88.54 86.99 87.67 77.96
ROC
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Fig.3 The ROC curves of prediction result of

independent testing dataset
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Table 4 Performance of model based on conformational

and thermodynamic features %
DataSet Algorithm Sn Sp ACC MCC
RF 86.64 91.83 89.07 78.31
group 1
SVM 91.98 82.50 87.38 74.96
RF 91.18 96.71 93.84 87.85
group 2
SVM 96.26 91.47 93.86 87.83
RF 90.23 93.72 92.06 84.09
group 3
SVM 90.66 92.63 91.67 83.32
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