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INTRODUCTION

e Traditional approaches to assessing the toxicity of chemicals involve expensive
and time-consuming tests on animals, the results of which have limited applicability
to humans.

* |nrecent years, scientists have developed and validated many animal-free methods
that can predict human health and environmental effects. These approaches are
often based on human cells and tissues and may include high-throughput screening
(HTS) methods and advanced /n silico models.

BIG DATA AND TOXICITY RESEARCH

e Several international data-sharing projects have resulted in large amounts of publicly
available toxicity data that can now be used to predict the toxicity of chemicals
without conducting tests on animals.

* The enormous size of these databases makes them difficult to process using
traditional data-analysis tools such as SQL, SAS, R, and Excel. However, recent
advances in data science and big-data analytics offer new methods for data-driven
predictions of chemical toxicity.

e “Bigdata” is a term that describes large volumes of data — including both structured
and unstructured. The “Four V's” — volume, velocity, variety, and veracity — are used
to determine whether or not the data set can be considered big data.

e The data-information-knowledge-wisdom (DIKW) pyramid can be used for making
decisions based on big data.

e Publicly available data repositories such as PubChem, ChEMBL, TOXNET, Seurat,
REACH, and CEBS provide a huge amount of data which can be used to predict the
toxicity of a substance. (See Table 1.)
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Figure 1: DIKW pyramid: from big data to decision-making®

USING PUBCHEM DATA FOR PREDICTING TOXICITY

e PubChem is a publicly available chemical information archive developed by the
US National Institutes of Health that organises data into three primary databases:
Substance, Compound, and BioAssay.
e |t contains 219 million substances, 89 million compounds, and the results from 1
million assays. It can automate for virtual screening using the following tools: Entrez
Jtilities (also called E-utilities or E-utils), Power User Gateway (PUG), PUG SOAP, and
PUG REST.
e /hu et al predicted the acute animal toxicity of compounds using their bioactivity
profiles extracted from data in the PubChem BioAssay database.’
e Kim et a/ developed a model to predict oxidative stress-induced hepatotoxicity using
HTS data archived in PubChem.*
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Figure 2: Model workflow for predicting animal acute toxicity using LD, values of rats®

Type of Data

Database

Description

89 million compounds Toxicity, pharmaceutical,

PubGhem 23 billion data points genomic, and literature

ChEMBL 6 million compounds Literature
3.3 million data points

TOXNET 20,000 environmental In vitro and in vivo
compounds

CEBS 10.’000 toxicity Gene expression
bioassays

Table 1: Data available via PubChem, ChEMBL, TOXNET, and CEBS?
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Figure 3: The three-stage workflow model for predicting liver toxicity is as follows:

Stage 1: automated biological response profiling. Stage 2: quantitative structure-activity
relationship modelling of the HTS antioxidant response element beta-lactamase reporter
gene. Stage 3: evaluation of chemical /n vitro—in vivo correlation. In the columns, active

isred and “1”: inactive is blue and “0”; and inconclusive or untested is blank.°®

RECOMMENDATIONS REFERENCES

e Researchers should become familiar with and use open-access data to develop

models for predicting the toxicity of chemical compounds.

e Regulatory agencies such as the Central Insecticides Board & Registration
Committee and the Central Drugs Standard Control Organization should share
available data with researchers to facilitate the development and validation of
predictive toxicological tools.

e The government should establish a national computational facility for the
validation of models for predicting the toxicity of chemical compounds.
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