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Abstract

Long non-coding RNA(LncRNA) plays a crucial role in various biological processes, and its abnormal expression
is a major cause of disease development. Therefore, elucidating the relationship between IncRNA and diseases is
essential for understanding disease mechanisms. Traditional biological experiments are time-consuming and costly, so
deep learning-based data analysis techniques can complement these methods. Although several approaches have been
proposed, they all have limitations in generalization ability. To overcome these limitations, this paper employs a
CNN-RNN feature extraction model to derive significant feature vectors from IncRNA sequence data. These vectors
are then used to predict the relationship between IncRNA and diseases using integrated LncRNA Disease
Association(LDA) data. Experimental results demonstrate that the CNN-RNN structure effectively extracts useful
feature vectors, enabling accurate prediction of IncRNA-disease associations.
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