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Prediction of bacterial transcriptional terminators by using
convolutional neural network

JIN Dong, ZHANG Meng, JIA Cangzhi”
(School of Science, Dalian Maritime University, Dalian 116026, Liaoning, China)

Abstract:In genetics, a transcriptional terminator is a DNA domain located downstream of poly (A) site within a
length of hundreds of bases, which contains multiple palindrome sequences and has the function of terminating
transcription. Two classes of transeriptional terminators, Rho-dependent and Rho-independent have been found in
prokaryotic genomes. In this study, a novel model (Term CNN) was proposed for identifying bacterial transcriptional
terminators rapidly and accurately. The model combined representative 6-mer sub-set (2 537 features) and
electron-ion interaction pseudopotentials ( EIIP ) of nucleotides as input parameters, and convolutional neural
network ( CNN) was utilized to train and optimize the model. Extensive 5-fold cross-validation and independent
tests showed that the model outperformed the latest prediction model iTerm-PseKNC. It is especially noted that the
model achieved obviously superiority on cross-species tests. In summary, the proposed model can predict
transcriptional terminators of Escherichia coli (E. colt) and Bacillus subtilis ( B. subtilis) with high accuray.
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Table 2 Comparison of different classifiers for identifying

terminators on 5-fold cross-validation

Method Sn/ % Sp/ % Ace/ % Mmcc
Decision Tree 69.64 90.00 83.21 0.756
Multi-Layer Perceptron 63.57 94.46 84.16 0.708
Logistic Regression 46.07 93.92 77.97 0.384
Naive Bayes 70.71 86.25 81.07 0.752
iTerm-PseKNC 86.07 99.46 95.71 0.888
CNN+LSTM 87.14 98.86 94.93 0.887
iterb-PPse 99.64 100 99.88 0.999
TermCNN 93.93 100 97.98 0.955
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