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Progressive advances in high throughput chemical synthesis and biological screening 
technologies have led to the “Bing Bang” expansion of both chemical bioactivity databases and 
the purchasable chemical libraries used for virtual screening.  The former databases currently 
comprise billions of datapoints that can be used for cheminformatics model training whereas 
the latter libraries beginning to reach trillions of molecules. This unbelievable expansion of data 
notwithstanding, one may argue that major challenges of cheminformatics such as chemical 
similarity searching, QSAR modeling, ligand- and structure-based virtual screening, data 
visualization, and rational design of new chemical entities with desired properties have 
remained unchanged. What has changed, however, are the complexity of computational 
methods and tools for data representation and modeling, demands for computer power to 
support new methods for data processing, and incorporation of experimental validation of 
computational predictions as key metrics of modeling success. I will review, with examples, 
historical but always contemporary, Big Chemical Data informed methods for primary data 
curation, similarity searching, QSAR model development, validation, and out of domain 
extrapolation, AI-accelerated virtual screening, and both computational, and increasingly, real 
time active learning as part of DMTA cycle. Examples include using LLMs to curate novel 
federally approved medications, indications, and contraindications (MEDIC) database (1), 
QSAR modeling of multi-billion DNA encoded libraries (DELs) (2), tools for chemical similarity 
searching (3) and virtual screening (4) of trillion-size make-on-demand libraries, hit to lead 
optimization approaches (5), and property filters (6) to improve drug-like hit rates. I will 
emphasize the importance of confidence and reliable extrapolation (7) to ensure accuracy of 
machine learning based models for predicting chemical bioactivity/property.  Methods and 
tools discussed in this presentation contribute to the overarching movement in 
cheminformatics in support of democratizing computational drug discovery (8). 
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