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Progress on the application of artificial intelligence technology in
ligand-based and receptor structure-based drug screening
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Abstract: Artificial intelligence technology is being widely applied in drug screening. This paper introduces
the characteristics of artificial intelligence, and summarizes the application and progress of artificial intelligence
technology especially deep learning in drug screening, from ligand-based and receptor structure-based aspects.
This paper also introduces how to apply artificial intelligence to drug design from these two aspects. Finally, we
discuss the main limitations, challenges, and prospects of artificial intelligence technology in the field of drug

screening.
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Table 1 Frequently-used databases in drug discovery

Database Url and included data Ref.

BingingDB http://www.bindingdb.org [26]
Affinity information of small molecules and proteins

CancerDR http://crdd.osdd.net/raghava/cancerdr [27]
Anticancer drugs and their effectiveness against cancer cell lines

CancerResource http://bioinformatics.charite.de/care [28]
Drug-target relationships related to cancer

CellMiner http://discover.nci.nih.gov/cellminer [29]
Molecular and pharmacological data for the NCI-60 cancerous cell lines

ChemBank http://chembank.broadinstitute.org [30]
Molecular descriptor and compound information

ChEMBL https://www:.ebi.ac.uk/chembldb [22,23]
Chemical, biological activity, and genomic data of compounds

CMap https://portals.broadinstitute.org/cmap [31]
Gene expression data of human cell lines induced by compounds

DrugBank http://www.drugbank.ca [32]
Effects, targets, and other information of drugs

KEGG pathway https://www.genome.jp/kegg/pathway.html [33]
Pathways of pathology, physiology, and drug action

Open Targets https://www.targetvalidation.org [34]
Association of gene and disease

Pathway Commons http://www.pathwaycommons.org [35]
Multi-species biological pathway data

PubChem bioassay http://pubchem.ncbi.nim.nih.gov [24,25]
Biological activity data of compounds from high-throughput screening

TTD http://db.idrblab.net/ttd [36]

Target, disease, and pathway information
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