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A Promoter Prediction Model Based on DNABERT Encoding

LI Weihao, LIU Zhe, LIN Guanning
(School of Biomedical Engineering, Shanghai Jiao Tong University, Shanghai 200030, China)

[ Abstract] Promoters are specific DNA sequences located in the upstream region of genes. By identifying and predicting
promoters in DNA sequences, a better understanding of gene regulation mechanisms can be achieved, thereby advancing biological
and medical research. Experimental methods for promoter prediction are both expensive and time-consuming. Additionally,
computational methods for promoter prediction have limitations such as room for improvement in accuracy and insufficient
information content in sequence encoding methods. This paper introduces a novel encoding approach that applies the pre-trained
model DNABERT to promoter prediction. Different deep learning models are tested for prediction performance. Experimental results
demonstrate that the Transformer model encoded using pre-trained and fine-tuned DNABERT achieves the best performance in
promoter prediction tasks.
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Tab.1 Parameters of DNABERT pre-training model
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learning_rate le-4
weight decay 0.01
batch_size 16
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Tab.2 Super parameters of DNABERT fine-tuning
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Fig.3 Performance comparison of different Deep Learning models
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Fig.5 Performance comparison of different tools in Human Promoter Prediction Task
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