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Abstract

MicroRNA(miRNA)s are small non-coding RNAs that play significant roles in various human complex diseases.
Therefore, the identification of disease-related miRNAs have become a crucial task to understand the human disease
mechanisms at the molecular level. At this regard, various artificial intelligence-based models have been developed to
predict the relationships between miRNAs and diseases. In this paper, we propose novel deep learning-based
computational model to effectively predict the disease-related miRNAs. First, we mapped miRNA and disease feature
vectors by utilizing auto-encoder. Then, we used each miRNA and disease feature vector as input for the deep
learning architecture model. Finally, we performed the leave-one-out cross-validation(LOOCV) to validate the
prediction performance of our model. The experimental results demonstrated that superior performance of our model
by comparing the area under the receiver operating characteristic curve(AUC) scores with other three existing
methods.
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