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Abstract

Gene phenotypes are driven by the expression of regulatory genes, which are also influenced by
complex interactions between different biomolecules. Since the 21st century, protein-DNA inte-
raction and RNA-RNA interaction have been well studied. In contrast, under many difficulties, the
mechanism of long non-coding RNA-protein interaction (LPI) is relatively unknown. However, LPI
is becoming a key interaction in the genetic mechanism and playing an increasingly important
role in human development. Therefore, the research on the interaction between long non-coding
RNAs and proteins is increasingly enthusiastic. Since the use of large-scale experimental methods
to verify the interaction between the two requires a lot of material and time costs, at the same
time, with the continuous development of contemporary social science and technology and the
continuous iterative updating of computer hardware, researchers began to focus on how to use
the machine learning and deep learning approach to predict. It is gratifying that these prediction
experiments have achieved satisfactory results. In order to enrich scientific research papers in
this field and facilitate researchers to understand the application of deep learning technology in
predicting the interaction relationship between long non-coding RNA and protein, we reviewed
the research status of long non-coding RNA and protein interaction prediction, investigated the
latest methods and databases used by researchers in recent experiments, and summarized rele-
vant data. Finally, some feasible suggestions are put forward.
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Figure 1. The flow chart of LPI-CNNCP
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Figure 3. The flow chart of Capsule-LPI
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Table 1. Comparison of experimental results of four models
F 1 MARER I R R IS

Method Classifier Database Performance (ACC, AUC)
LPI-CNNCP CNN RPI11446 0.866 + 0.2, /
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Continued
NPI-GNN Graph SAGE NPInter2.0 0.933. /
Capsule-LPI Capsule network NPInter2.0 0.917 +0.86. 0.953 +0.41
LPIGAC GAE NPInter2.0 /. 0.936
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