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 Introduction
The ICH M7 guidance relating to the detection and control of potentially mutagenic impurities
in drug substances places statistically-based QSAR systems in a key position in the decisionmaking process. It is, therefore, extremely important that any predictions made by models
used in this role show high levels of accuracy and transparency. The underlying algorithms
used to build these models undoubtedly play a major role in determining both. However, the
data used to train them will also have a significant effect on how well they perform.
Consequently, the quality and quantity of this data should be carefully considered before any
model is built. With this in mind we undertook investigations into the various aspects of data
which can affect statistical model performance and how these can be optimised to improve a
statistical model. The statistical system, Sarah Nexus, produced by Lhasa Limited, was used
in these studies along with a large training set built from publically available Ames
mutagenicity data in order to make the findings as general as possible. Two key aspects of the
data sets used to build the models were investigated. Firstly, the structural representation used
to define the substance which has been tested was considered (A, Figure 1). In addition, the
quality of the biological results associated with each substance in the training set was also
assessed (B, Figure 1).
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Table 1. Data sets derived using different criteria for biological data acceptance.

Figure 2. A graphical representation of the process of structural standardisation employed for
building Sarah Nexus models.
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Figure 1 . A graphical representation of the steps required to prepare data for (Q)SAR model
building.
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A) Structural Data
The structural component of data is important not only in terms of training a model correctly
but also in interpreting query structures for optimum predictions [1]. There are a number of
factors which should be considered when cleaning up structures for model building and these
are outlined in Figure 2 in the context of how they are currently incorporated into the work flow
used when building the Sarah Nexus model. 1) Firstly, structures are checked for their validity
2) Any errors with atom valency in the representations are fixed automatically where possible
or by a human expert if not. 3.1) After valid structures have been produced they are then
converted into a standard form using a set of transform rules, these deal with things such as
tautomers, resonance forms and aromaticity perception. This step is applicable to any data
use case and so is called structure normalisation. 3.2) Finally, the structures are standardised
for their specific use case (Ames mutagenicity prediction in this case) in a process known as
contextualisation. For this use case we have made the assumptions that stereochemistry can
be ignored and salts removed (although this may not be true for every use case). Figure 3
shows how these standardisation rules are applied to query structures being processed
through Sarah Nexus while Figure 4 gives and indication of how applying different
standardisation procedures may effect consistency of model predictions for a given query
compound.
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Figure 5. The effect of changing criteria for incorporating biological data in a model training set
on the performance of the model against a validation set. Distribution of the reasons a non-5
strain negative Ames result failed to meet the required criteria.
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Figure 3. Examples of the structure standardisation carried out on query compounds before
being processed through the Sarah Nexus model.
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Figure 4. Examples of changes in prediction depending on standardisation employed.

Biological data is much harder to correct and standardise than structural data (which itself is not easy) [1]. There are a number of different reasons why the biological data for a given structure may be
inconsistent or incorrect, including:
1) The result for a given compound may have been mis-referenced. The structure given may not be the same as the compound that has been tested or the result given may have been misinterpreted.
2) The structure may give different results in different experiments. The compound may have given inconsistent results between different tests even when tested in the same strains.
3) Compound may not have been tested comprehensively. This is particularly important for compounds with negative results which may not have been tested in appropriate strains.
4) Compound may have been tested in a non-standard version of the Ames test (e.g. non-standard metabolic activation, non-standard strains). This is usually important for positive results.
It may be possible to resolve certain conflicts in results which arise due to these factors (such as take a conservative approach, using the most positive result for a compound with conflicting results).
Alternatively, data which does not meet certain criteria could be removed from the model. Table 1 shows how using different criteria for measuring biological data quality affect the size and the bias of the
remaining training set. Employing stricter rules on the biological data quality reduces the size of the data set as well as introducing a bias towards positive results (most of the compounds that don’t meet
the quality criteria are negative). When testing models made using these different data sets it was found that in most cases the increase in data quality does not counteract the loss in predictivity as a
result of the smaller training set size (Figure 5). The best balanced accuracy is achieved using all data which don’t have conflicting results from different sources (Figure 5).
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 Conclusions
Correcting structure errors and standardising structures was found to be very important in
improving the quality of the training set employed. This in turn had implications on the
consistency of the model produced. A more detailed analysis of the binary results generated
from the biological Ames test data revealed that taking the quality of these results into
consideration before and during model building has significant impact on the performance of the
model built.

DO –

Standardise structural representations as much as possible and fix structural errors
where found. Resolve data problems where possible. Human curation is best.

DON’T - Be so strict with criteria used to select data for model building that the training set is
reduced to nothing and valuable information is lost to the user. It may be better to build these
deficiencies into the model learning algorithm or as a post model interpretation of the results.
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