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Abstract

Current problems in the development of new drugs include a long cycle, high cost and a low success
rate for traditional high-throughput screening. To accelerate the discovery of candidates for high-
efficiency and low-toxicity targeted drugs (anti-tumor microtubule inhibitors), this paper intro-
duces a multi-dimensional virtual screening strategy based on artificial intelligence and computa-
tional chemistry. First, the computational pipeline builds ligand-based machine learning classifica-
tion models using bioactivity databases, and then applies SHAP attribution analysis to interpret the
“black box” of the algorithm and provide intuitive physical guidance for microscopic structure-ac-
tivity relationships. Second, it uses core pharmacophore models and SMARTS rules to perform hard-
coded scaffold filtering on commercial compound libraries containing tens of millions of compounds
and achieve a rapid reduction of chemical space. Next, receptor-based semi-flexible three-dimen-
sional molecular docking technology is employed to determine the degree of conformational fit be-
tween candidate small molecules and the receptor protein cavity and calculate the binding free en-
ergy. Finally, unsupervised structural clustering technology is employed to mitigate structural risks;
in conjunction with early ADMET prediction, high-affinity target-binding lead compounds with good
clinical translation potential are carefully selected. This high-efficiency funnel-shaped integrated
computational pipeline can effectively solve the problem of blindness in traditional R&D and pro-
vide a reliable digital closed-loop solution for precision drug design.
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