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Fig. 2 Schematic diagram of data preprocessing
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Table 1 Based on different convolution depth, convolu-

tion kernel size and LSTM parameters, 16 models are

combined
Model
CNN kernal CNN Depth LSTM RNN Depth
number
1 16x4 1 16 1
2 16x4 2 16 1
3 32x4 1 32 1
4 32x4 2 32 1
5 64x4 1 64 1
6 64x4 2 64 1
7 16x3 1 16 1
8 16x3 2 16 1
9 32x3 1 32 1
10 32x3 2 32 1
11 5%5 1 16 1
12 5%5 2 16 1
13 3x3 1 16 1
14 3x3 2 16 1
15 3x1 1 16 1
16 3x1 2 16 1
0.951
0.90
0.85
g? << Model /
5 0.80 A—A: Model 3
> oo Model 5
0.751 4/ +—+: Model 7
[ &-¢: Model 9
0.70F e—e: Model //
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Fig.3 Training process of eight models with depth 1
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Fig. 4 Training process of eight models with depth 2
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Table 2 Comparison of training accuracy of eight models

in average pooling layer and maximum pooling layer

Recognition rate

Model
Average pooling Max pooling
1 0.9803 0.9675
3 0.9824 0.9625
5 0.9458 0.9555
7 0.9810 0.9608
10 0.9703 0.9715
11 0.9753 0.9740
13 0.9346 0.9385
15 0.9381 0.9449
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I3k 3.

HH 26 3 AT, FEASE A TR BE RN 2 00 ) 1) 15 1
T, A GC & X — H A8 = B ERf 18 5 T
i GC i YRR, HERR Sl R 25l 13.64%, Hx
NN 6.50%, HRTHECRTor B .
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Fig. 6 Training process of eight models with depth 2 and
without GC content
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Table 3 Comparison of accuracy of 16 models before and

after adding GC content

. Accuracy
with GC without GC
1 0.9654 0.8772
2 0.9210 0.8517
3 0.9724 0.8734
4 0.9670 0.8661
5 0.9576 0.8756
6 0.9435 0.8792
7 0.9723 0.8793
8 0.9279 0.8454
9 0.9584 0.8721
10 0.9546 0.8606
11 0.9557 0.8589
12 0.8964 0.8277
13 0.9278 0.8277
14 0.9164 0.8514
15 0.9600 0.8236
16 0.9012 0.7848

1 1 1 1 1 1 1 1 1 1 1
0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1.00
Accuracy interval

Fig. 7 Cumulative plot for 6 586 data

The x label means the model prediction accuracy interval.

Table 4 Results of 6 586 data for predicting

n=6 586 Predict: No Predict: Yes
Actual: No 3070 223
Actual: Yes 60 3233

DeepCircRNA, H: ¥ hit 24 http://www. deepbiology.
cn/DeepCireRNA/ AR W il $ L iy A ], AL
AI DI HL2H DNA JP 9 AT il , iy AT RASE 3t b
ST e, W B S AT TR, R R
PREE.
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Table 5 The prediction results and experimental verifica-

tion results of the model

Chr Start End Prediction ~ Experiment
chr 3 176782708 176816329 0.9969 +
chr7 102106264 102106717 0.9969 +

chr /2 69644909 69656342 0.9969 +
chr /3 23775175 23776697 0.9969 +
chr 79 47653459 47658470 0.9969 +
chr 22 4205907 42054356 0.9969 +
chr / 224605962 224612356 0.9968 +
chr / 92428275 92430321 0.9968 +
chr / 92446446 92446735 0.9967 +
chr 79 47653459 47656297 0.9967 +
chr 13 23751718 23776697 0.9966 +
chr 13 25352433 25356082 0.9966 +
chr /9 47646751 47658470 0.9966 +
chr /3 25341410 25356082 0.9950 +
chr /3 23792336 23794093 0.9949 +
chr /9 47646751 47673180 0.9904 +

chr 4 144464662 144465125 0.9900 +
chr 6 25727079 25727268 0.9826 +
chr 22 45749858 45750995 0.9729 +
chr / 92428275 92433817 0.9721 +
chr 8 74585342 74601048 0.9713 +
chr 13 25348951 25356082 0.9913 +
chry 2821950 2829687 0.8771 +
chr 10 111878345 111886261 0.8594 +
chr 22 42046727 42046895 0.8585 +
chr 3 172694758 172766884 0.6996 +
chr 9 136302869 136303486 0.6475 +
chr 10 111883775 111890244 0.6360 +
chr 16 3900298 3901010 0.0183 +
chr /7 56690782 56693666 0.0116 +

+: Circular RNA was validated by experiments.
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Identifying Circular RNA Splicing Sites Based on Convolutional Neural
Networks and Recurrent Neural Networks”

SUN Kai, WEI Qing-Gong, ZANG Chao-Yu, SUN Ru-Xuan, JIANG Dan, SUN Xiao-Yong™

(College of Information Science and Engineering , Shandong Agricultural University,Tai'an 271000, China)

Abstract In this paper, we propose a deep learning model based on convolutional neural network and recurrent
neural network, which uses genome sequence data to identify human circular RNA splicing sites. Firstly, we
preprocessed the original genome sequences and designed 16 models with two network depths, eight convolution
kernel sizes and three LSTM parameters; secondly, the pooling layer was further tested for average pooling and
maximum pooling; and GC content was added to improve the prediction ability of the model; finally, we predicted
the circRNA in human seminal plasma. The results show that the model with convolution kernel of 32 x 4, depth
of 1 and LSTM parameter of 32 has the highest recognition rate of 0.9824 on training data set, and 0.95 on test
data set. Also, we tested our model with a published study and the accuracy reaches 0.83. The model has good

performance in the recognition of human circular RNA splicing sites.
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