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Abstract: Olivier Bequignon, MSc 
 
 
O. J. M. Béquignon1, B. van de Water1, G. J. P. van Westen1  
1Div. Drug Discovery and Safety, Leiden Academic Centre for Drug Research, Leiden, The 
Netherlands  
  
Drug-induced liver injury (DILI) is one of the main reasons of drug attrition during clinical trials and of 
withdrawal from the market1 making the early identification of hepatotoxic of compounds a critical 
challenge. Recent in silico efforts have been made to create more accurate quantitative structure-
property relationships (QSPR) models relating hepatotoxicity to chemical structure features2,3. One 
shortcoming of these models is that their design overlooked orthologous experimental in vitro results. 
Additionally, the underlying mechanisms of DILI are not completely understood yet  
  
Aims  
Designing a two-step approach, relying, firstly, on a proteochemometric model to predict translational 
target inhibition resulting in bioactivity fingerprints, and secondly, on a QSPR model predicting 
hepatotoxicity from combined structural and bioactivity-based fingerprints, we aim at deciphering the 
importance of proteins, hence helping in the elucidation of DILI mechanisms.  
  
Methods  
A dataset of experimental molecular bioactivity was developed by mining the ChEMBL25 and ExCAPE 
databases. Compound structures were standardized and described using Mold24 two-dimensional 
chemical features. When applicable, only the most expressed protein isoform was considered. Protein 
sequence descriptors using Hellberg et al’s z-scale5 and averaged over 50 domains along with global 
average were derived. Extreme Gradient Boosting (XGBoost) models for inhibition at 10µM, 5µM, 
1µM, 500nM and 100nM were designed. Stacked XGBoost models were then developed to predict 
binary DILI from concatenated extended connectivity fingerprints6 of at most radius 3 folded over 1024 
bits and bioactivity-based fingerprints.   
  
Results / Conclusions  
Preliminary results demonstrate that the integration of bioactivity-based fingerprints increases the 
prediction performance of DILI over QSPR models. Additionally, feature importance can be derived 
from the model, estimating the importance of each protein of the panel in the final prediction. Out of the 
11 most important features, all but 4 were involved in cell-stress pathways associated with DILI, 3 were 
highly expressed in the liver, 8 were human proteins and 3 were rat. This work highlights the use of 
machine learning in deciphering complex biological mechanisms and in developing predictive models 
for DILI.  
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