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Results

The U.S. EPA’s ToxCastTM program uses hundreds of high-throughput, in vitro
assays to screen chemicals for bioactivity. Our objective is to predict rodent
liver toxicity from guideline testing studies using either ToxCast bioactivity data
or chemical structure information. A total of 880 chemicals that have been
evaluated in vivo were represented by either in vitro bioactivity assays (from
ToxCast), or chemical structure descriptors (from QikProp, OpenBabel,
PADEL, and PubChem) to classify rodent chronic hepatotoxicity outcomes.
The in vivo liver toxicity endpoints were grouped into three categories based
on histopathological effects: hypertrophy, injury and proliferative lesions. The
classification models were built using five machine learning approaches (LDA,
NB, SVM, TREE and KNN). The performance of each classification method
was evaluated 100 times using 10-fold cross-validation testing. The best
predictive balanced accuracy of classifiers using both ToxCast assays and
chemical structure descriptors was 0.79, 0.74, and 0.71 for rat chronic
hypertrophy, rat chronic injury and rat proliferative lesions, respectively, while
the matched accuracy of models using quantitative structure-activity
relationships or assays respectively was significantly lower. The results
demonstrate the potential applicability of ToxCast bioactivity data for predicting
in vivo chemical hazards using machine learning techniques.
(LDA: Linear discriminant analysis ; SVM: Support vector machine ; NB:Naïve Bayes;
TREE: Decision tree; KNN: k-nearest neighbors. )
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Figure 1. The Workflow for the whole classification process.
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Results
Figure 3. Performance for predicting rat chronic hypertrophy
using Support Vector Machine (SVM) algorithm.

Conclusion

Table 2. Data Sets of Chemicals Used for Classification Study
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Combine ToxCast assay data and chemical structure data
achieved better predictive accuracy, which suggest the potential
utility of HTS assays for screening hepatotoxicity.
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