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Abstract

Long non-coding RNA (LncRNA) and microRNA (miRNA) are both noncoding RNA. More and more
evidence shows that the interaction between them is highly related to biological processes such as
cancer development, gene regulation and cell metabolism. At the same time, with the rapid devel-
opment of RNA sequence measuring technology, many new IncRNAs and miRNAs have been found,
which may help to explore new gene regulation modes, and people are more and more interested
in the research of IncRNA-miRNA interaction. Therefore, we reviewed the current research progress
in the prediction of IncRNA-miRNA interaction. We focused on the calculation methods and data-
bases used by some researchers according to their latest research results. The results show that
deep learning has become the preferred strategy for the prediction of IncRNA-miRNA interaction,
which may be due to the rapid growth of deep learning infrastructure and expertise. Although
many of these methods have obvious limitations, deep learning is expected to become the basis of
modern IncRNAX-miRNA interaction prediction algorithms.
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Figure 2. The overall flow chart of GCLMI
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Figure 3. The overall flow chart of PmliPred
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Figure 4. The overall flow chart of LncMirNet
4. LncMirNet FUEE IR IZE

DOI: 10.12677/hjdm.2022.122016 157 EAETaE rati]


https://doi.org/10.12677/hjdm.2022.122016

ECHE

Yu FNAE 2021 52 7 MET ma2vec FTRIIZRANGR FERFEFZ IR AL IR B 2 S B, RN
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Table 1. Standard experimental system result data

= 1. AEKEAGEREIE

Method Classifier Database Performance (AUC)
GCLMI GNN. AutoEncoder IncRNASNP. starBase 0.8567 £ 0.0009
PmliPred CNN. BiGRU CANTATAdD2.0. miRBase. GreeNC 0.8386
LncMirNet Role2vec. CNN IncRNASNP2. miRbase. GENCODE 0.9381
preMLI rna2vec. CNN. BiGRU CANTATAdb. miRBase. GreeNC 0.9773
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IncRNA 1 miRNA Z [WFIEFEE- G R . (HZ T2 B1AEY 5 SLB M PRE], A1 IncRNA 5 miRNA
RIFEHAR T AR, XX TR S AR A AR/, W FBOH R RERK. S—
TRATI T RIE IEFEA R S T R AR B CR 2 BEAL T 20, 52 B 25 IR 5 BE LG L RR
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