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We develop and apply a wide range of computational methods 
that can provide guidance to early drug discovery
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Many of our models are accessible via a free web service at 
nerdd.zbh.uni-hamburg.de
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https://nerdd.zbh.uni-hamburg.de/


1 Chakravorty et al., SLAS Discovery 2018, 23, 532–544. DOI: 10.1177/2472555218768497 Page 4

Case study on the 15 most noisiest, 
approved drugs identified by GSK1
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Case study on the 15 most noisiest, 
approved drugs identified by GSK1

Comments:
• “Predicted as highly promiscuous with a 

probability of 1.0, at high confidence”
• “Possibly an aggregator”
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Development of FAst Metabolizer - FAME 3
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FAME 3: Performance of “circCDK+ATF” models

Model MCC AUC Top-2

P1+P2 0.50 0.90 82%

P1+P2 100+ 0.55 0.92 87%

CYP 0.57 0.92 90%

CYP 100+ 0.63 0.94 86%

P1 0.53 0.88 83%

P1 100+ 0.52 0.92 80%

P2 0.71 0.97 92%

P2 100+ 0.75 0.97 91%
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FAME 3: Prediction of the sites of metabolism of imatinib

N-oxidation

hydroxylation

lactam formation

deamination + oxidation to 
carboxylic acid

N-demethylation
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1. Extracted reaction types for phase I and phase II enzymes from the literature

2. Represented reaction types by SMIRKS: 
• e.g. "[c:1][H:2]>>[c:1][O][H:2]"  

3. Applied transformations using AMBIT SMIRKS
• Open-source Java library (IdeaConsult Ltd)

4. The transformations are only applied at those positions

de Bruyn Kops et al., Chem Res Toxicol 2020. doi: 10.1021/acs.chemrestox.0c00224

GLORYx: Predictor of likely metabolites

FAME GLORYx
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GLORYx: Performance on the Manually Curated Test Set

de Bruyn Kops et al., Chem Res Toxicol 2020. doi: 10.1021/acs.chemrestox.0c00224 Page 1001/26/2021
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