Integrating Biological and Chemical Data for Hepatotoxicity Prediction
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Figure 3. Bioactivity descriptors most frequently selected in classifying
hepatotoxicity and representative chemicals.

Supervised Machine Learning Classification Performance Results
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The U.S. EPA ToxCast™ program is screening thousands of environmental chemicals
for bioactivity using hundreds of high-throughput in vitro assays to build predictive
models of toxicity. A set of 677 chemicals were represented by 711 bioactivity
descriptors (from ToxCast assays), 4,376 chemical structure descriptors, and three
hepatotoxicity categories (from animal studies), then used supervised machine
learning to predict their hepatotoxic effects. Hepatotoxicants were defined by rat
liver histopathology observed after chronic chemical testing and grouped into
hypertrophy (161), injury (101) and proliferative lesions (99). Classifiers were built
using six machine learning algorithms: linear discriminant analysis (LDA), Naive Bayes
(NB), support vector machines (SVM), classification and regression trees (CART), k-
nearest neighbors (KNN) and an ensemble of classifiers (ENSMB). Classifiers of
hepatotoxicity were built using chemical structure, ToxCast bioactivity, and a hybrid
representation. Predictive performance was evaluated using 10-fold cross-validation
testing and in-loop, filter-based, feature subset selection. Hybrid classifiers had the
best balanced accuracy for predicting hypertrophy (0.78+0.08), injury (0.73£0.10)
and proliferative lesions (0.72+0.09). CART, ENSMB and SVM classifiers performed
the best, and nuclear receptor activation and mitochondrial functions were
frequently found in highly predictive classifiers of hepatotoxicity. ToxCast provides
the largest and richest data set for mining linkages between the in vitro bioactivity of
environmental chemicals and their adverse histopathological outcomes. Our findings
demonstrate the utility of high-throughput assays for characterizing rodent
hepatotoxicants, the benefit of using hybrid representations that integrate
bioactivity and chemical structure, and the need for objective evaluation of
classification performance.
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We used 677 chemicals represented by 125 ToxCast bioactivity assays, 726
chemical structure descriptors and three hepatotoxicity categories
(Hypertrophy, Injury, and Proliferative lesions) for supervised machine
learning. Performance was evaluated by 10-fold cross-validation. In-loop
filter-based feature selection chose different number of top features to
build the models. Hepatotoxicity predictive models were built using ToxCast

bioactivity assay only, chemical structure descriptors only, or combined data = a0 — o

( bioactivity and chemical structure descriptors) by six machine learning * 020 0 .\.?ocmz'o @ 70 ¥ 20 30 do s w o o2 3 a0 w0 e o
algorithms: linear discriminant analysis (LDA), Naive Bayes (NB), support nib0 D, 560
vector classification (SVCL, SVCR), classification and regression trees (CART),
k-nearest neighbors (KNN) and an ensemble of all classifiers (ENSMB).
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(LDA: Linear discriminant analysis ; SVM: Support vector machines; NB:Naive Bayes;
CART: classification and regression trees; KNN: k-nearest neighbors; ENSMB,
ensemble classifier. )
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Table 3. The most frequently selected bioactivity
descriptors for classification.

Table 2. The maximum predictive performance of
different classification methods.

#desc. BA ]

Descriptor
BlO |cHM| BC BO | cHM | BC
60 | 60 | 65 | 0.79(0.06) | 0.83(0.09) | 0.84(0.08)
55 | 65 | 65 | 0.76(0.06) | 0.74(0.08) | 0.78(0.08)
15 | 65 | 35 | 0.74(0.08) | 0.74(0.10) | 0.77(0.09)
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Data Sources
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Table 1. Data Sets of Chemicals Used for Classification
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65 65 65 0. 69[ 0.08) 0.76[0. 08) NVS_ADME_hCYP1A2 Novascreen CYP1A2 cyp .
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chemicals lesions High-throughput bioactivity assays are useful for characterizing hepatotoxic liability of chemicals in rodents.
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)
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Hybrid representations that integrate bioactivity and chemical structure descriptors can improve predictive
accuracy.
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Machine learning techniques can provide linkages between the in vitro bioactivity and chemical structure of
environmental chemicals to adverse histopathological outcomes.
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