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Introduction

Motivation
* Drug-Induced Liver Injury (DILI) is a major hurdle in drug development.
* Underlying mechanisms of DILI are mostly veiled despite great efforts of in vivo and in vitro
experimental procedures of clinical trials
* Currently available in silico methods neither show high performance nor suggest important chemical
substructures

Object

« To develop a highly accurate DILI prediction method.
* To characterize important structural alerts (SAs)

DILI

* Most data sets were retrieved from JCIM, 20154
« DILIst data from US FDA was also used as training data?

DILI Data Sets
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1. Performance: significant improvement in accuracy

Supervision and pruning highly
Improve the performance
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* Invariance of subgraphs to molecular properties
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« Augmentation of subgraphs

Number of rings
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Methods

Overview

of our approach

Initial set of chemical graphs (d graphs)

Overview (Algorithm 1)
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generation: cholesterol as an example

Transition probabilities Allow Markovian walks  Retrieve subgraph Mark substructure
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Repetition of the process
over all the nodes in a graph
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Ification of structural alerts (SAs) of DILI

* Example SA ‘S(=0)=0’ over-represented In toxic drugs
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