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Development of the platform for prediction of chemical ADMET properties
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2. Beijing Beike Deyuan Bio-Pharm Technology Co. ,Lid., Beijing 100094, China)

Abstract; It is very essential to estimate the druggability and toxicity of chemicals in the early stages of drug
discovery. In order to make it available for drug researchers to estimate the druggability and toxicity of candidate
compounds rapidly and accurately, we developed a platform for estimation of chemical ADMET properties based on
in silico methods in this study. Firstly, we collected quality data of chemical pharmacokinetic and toxic properties
(ADMET) with text mining approaches. Then, 13 predictive models were reproduced on the basis of original
literature. Meanwhile, another 15 models were built with support vector machine (SVM). Finally, we developed a
platform for estimation of chemical ADMET properties based on distributed storage architectures. This tool could be
used to predict 28 important ADMET related properties quickly and easily, and its application in drug discovery
could be helpful to reduce the time and money.
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Table 1 Summary of the models integrated in the ADMET prediction platform
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Fig.1 A screenshot of the platform for estimation of chemical ADMET properties
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