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With the near completion of the human genome sequencing, bioinformatics and chemoinformatics are expected as
promising tools in genome-based drug discovery. The emerging field of chemical genomics is accumulating large-scale
assay data on compound-protein interactions. We are now developing new mining methods for the chemical genomics
data based on the integration of bioinformatics and chemoinformatics. Here we present a GPCR-ligand database (GLI-
DA) and a novel in silico screening method, which we have developed. GLIDA is a novel public GPCR-related chemical
genomics database that is primarily focused on the correlation of information between GPCRs and their ligands. Our in
silico screening method is based on statistical machine learning of the conserved patterns of molecular recognition ex-
tracted from comprehensive compound-protein interaction data. These are promising approaches to accelerating drug

discovery processes.
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Fig. 3. A Screenshot of GLIDA Showing Linked Relations among Search Pages (a, b), Result Pages (c, d), an Analytical Report

Page (e), and a Binding Information Page (f)
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Fig. 4. A Schematic Example of the Search and Analysis Process Showing GPCR-ligand Correlations Produced from a GPCR Query
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