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Introduction

Due to the advance of database technologies, more and more toxicity data can be accommodated with increasingly complex data structures. Prior to the enjoyment of the
convenience brought along with the abundance of data, we are facing a great new challenge: that the chemistry and toxicity data, including the metadata which describe data, need
effective and efficient governance in order to be truly beneficial to final users!. This poster proposes a general framework for data reliability management, to assist in producing high
quality databases, which follow gold standards practically applied and/or systematically specified by regulatory bodies, such as FDA, EPA and OECD. In particular, the multiple
representations of each chemical compound in question are compared with those of each chemical compound In the so-called gold standard databases (or inventories), and the
consistency result is utilised to examine the gquality of chemical information; the processes of assay design, experiment execution, and experimental result documenting, are
analysed based on their consistency with internationally accepted guidelines, to help to examine the quality of chemical and toxicological information. The assessed quality values
can be utilised to support data fusion in the case that multiple duplicate but not identical data instances present. Two such data fusion mechanisms are also introduced in this poster.
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Conclusions

A consistency check module based on fuzzy object comparison, to assist the human
experts to quickly check if there are any obvious mistakes Iin the collected data
before they are stored in the database;

A quality assessment module assessing the reliability of each piece of data in the
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database and assigning a quality value to each of them to support decision making;

A decision-making system based on credibility theory, to make decision based on all
the currently available data instances with the help of their quality values;

A decision-making system based on a possibility-probability distribution model, to
make decision based on all the currently available data instances with the help of
guality values.
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