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Abstract: Accurate identification of transcription factor binding sites (TFBSs) is crucial for understanding gene expression and regulatory
mechanisms. Convolutional Neural Network (CNN) and Long Short—=Term Memory (LSTM) models have significantly improved accuracy in
this task compared to traditional machine learning approaches. However, CNNs specialize in learning local spatial features but ignore long—dis-
tance dependencies in DNA sequences, while LSTMs are proficient in learning sequential relationships but computationally inefficient due to a
lack of parallel computing ability. This paper proposes a novel dual-path sequential network integrating long—short distance fusion learning to
address the above issues. In terms of structure, this paper employs the Temporal Convolutional Network (TCN) as the feature extractor that
supports sequential modeling and parallel processing. The dual—path structure can learn complementary DNA features, improving the learning
stability. In terms of features, this paper leverages the context information modeling capability of TCN, and designs a long—short distance fu-

sion learning strategy to strengthen the feature representation for prediction. The experiment results on 165 ChlIP-seq datasets show that our
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method outperforms the popular deep learning based methods. This study introduces a valuable framework for TFBSs prediction by combining

sequential features with different distance dependency information.
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Fig. 1 The framework of dual-path TCN
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Fig.2 The structure of TCN
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Fig.3 The structure of dilated residual convolutional module
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Table 1 Hyperparameters of the proposed method and the corre-

sponding search space and optimal value
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Fig. 4 Comparison of ACC, ROC-AUC and PR-AUC of different methods on 165 ChIP-seq datasets
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Table 3 Performance comparison of using single—chain feature and

24.1

double—chain feature
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Table 4 Performance comparison of using single—path network and

dual-path network
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Table 5 Performance comparison of using last-layer feature of TCN

and the long—short distance fusion feature
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