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Abstract
The International Conference on Harmonisation (ICH) M7 guideline permits the use of two in silico methodologies to qualify any actual or potential drug impurities as non-mutagenic. Statistical models and expert alerts built
from public domain knowledge and data are used for ICH M7 assessments as they provide the necessary transparency and are sufficiently predictive for this purpose. Knowledge from proprietary data increases the specificity for
selected chemical classes as well as expands the (Q)SAR models' applicability domain. This leads to less laboratory testing and synthesis of the impurity for the sponsor. We have investigated the use of proprietary data made
available through confidentiality agreements directly with pharmaceutical sponsors to identify potential solutions to specific model predictivity issues, and are working towards the release of appropriate knowledge, compounds,
and experimental data necessary to solve the (Q)SAR issue while preserving model transparency. The end result will be a regular transfer of knowledge for use in the development of (Q)SAR statistical models and incorporation
of those data into the Leadscope alert-based expert system. This poster outlines the collaborative program for sharing data and knowledge for inclusion in regulatory acceptable public models without releasing any confidential
business information. The process for knowledge sharing through the use of structural fingerprints for several compound classes will be discussed. A case study will be presented where, as a result of the incorporation of
knowledge derived from proprietary data, the specificity of a model to predict primary aromatic amines was increased by 14% with no decrease in sensitivity.

Any (Q)SAR model is limited by the knowledge from which it is built. Since today’s commercial (Q)SAR models
are primarily constructed from public information, several issues arise when these models are applied to
proprietary chemical space.
First, prediction calls may not be computed for all test compounds where the proprietary space is not
adequately reflected in the (Q)SAR models. Test compounds may be out of the domain of the model. In
addition, some prediction results may be categorized as equivocal or indeterminate as a result of conflicting
evidence.
Second, the performance of these models for specific classes may have low specificity, since the underlying
structural reasons for deactivation may not be fully enumerated, especially using only public domain
information. These performance issues directly affect submissions and drug safety, since any false positives
result in unnecessary bacterial mutation testing and false negatives may compromise clinical safety.
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Substructures present
benzene, 1-amino(NH2)-, 2-amino(NH2)benzene, 1-amino-,2-amino(NH2)benzene, 1-amino(NH2)-,4-chlorobenzene, 1-amino(NH2)-,4-halobenzene, 1-amino(NH2)-,3-halo-benzene
1-amino(NH2)-,3-chloro-

The fingerprint was applied to both the public data as well as a series of proprietary databases (without
exchanging information on compounds or bacterial mutagenicity results). Through this analysis it was
possible to identify both new active subclasses as well as new deactivating fragments. A number of these
classes could not have been identified from public data alone. The following table illustrates the results
for 4 out of the 591 substructures. The gray shaded boxes hide the individual values from the proprietary
data sets.

Negative (public data)

A chemical fingerprint is derived using a set of pre-defined substructure search queries. Each
substructure is named and applied to each chemical to determine whether it is present or not in the
test chemical, as illustrated here:

Results

Positive (public data)

The International Conference on Harmonisation (ICH) recently issued a guidance document entitled
“Assessment and control of DNA reactive (mutagenic) impurities in pharmaceuticals to limit potential
carcinogenic risk”[1]. It is currently in the implementation phase (step 5) and is being adopted by the
regulatory bodies of the European Union, Japan and USA. The document outlines the steps to identify,
categorize, qualify and control DNA reactive impurities to ensure any impurity poses a negligible risk of
carcinogenicity or other toxic effects. As part of hazard assessment the ICH M7 guidance permits the use of
(Q)SAR models for predictions of bacterial mutagenicity to be used in place of an experimental assay[1]. As
part of the submission, the guidance recommends the use of two (Q)SAR prediction methodologies, one
expert rule-based and one statistical-based, which can be supplemented by an expert opinion. It also states
that the two methodologies should adhere to the general principles set forth by the Organisation for
Economic Co-operation and Development (OECD) in the development of the models[2]. One of these
principles is “a defined domain of applicability”, meaning that each model must initially check to see if it is
capable of making a prediction for the type of test chemical. When a test chemical is not in the domain of
applicability of the model, no prediction is made and the result is shown as “out of domain”.

Methodology – Using Chemical Fingerprints
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….
Substructure matching the target compound

A fingerprint containing a variety of primary aromatic amines has been developed to help
understand the structure-activity relationships for this class. These structural features were based
on both the Leadscope fragment hierarchy, data analysis of the reference set and external
knowledge. The list of substructures includes meta-, para-, ortho-, hetero-substituted, polycyclic, as
well as more complex substitution patterns. A list of 591 unique PAA substructures was used to
define the fingerprint, as illustrated here.

Primary Aromatic Amines
Primary aromatic amines (PAAs) are commonly occurring functional groups found in many starting materials,
industrial chemicals and drug impurities. This structural class also represents a mutagenicity structural alert
reported in the literature[3-11]. The principal mechanism for primary aromatic amine mutagenicity involves
metabolic activation of PAAs by the enzyme CYP1A2, resulting in a hydroxylamine and nitrenium ions that
form covalent adducts with DNA. The alert is qualified by empirical data showing an association between
compounds that contain a primary aromatic amine and positive mutagenicity findings. However, predictions
based on only the presence of a primary aromatic amine, without consideration of other factors, will result in
some false positive classifications.

….

As a proof of concept, active subclasses and deactivating fragments were identified from (1) public
information only and (2) public plus proprietary information from a single pharmaceutical company.
These classes were selected from the list using criteria that included a statistically significant association
and a plausible mechanistic rationale. This SAR knowledge was subsequently incorporated into a rulebased expert alert system and compared against a test set containing 913 primary aromatic amines. The
inclusion of the proprietary knowledge increased the prediction specificity by 14% since the number of
false positives decreases from 203 to 159 as a result of the newly identified deactivating fragments. This
is illustrated in the following table showing an increased number of positive and negative predictions
made with confidence, while the number of less certain positive assignments (with no active subclass or
deactivating fragment) decreases.
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75%
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Using public and proprietary
knowledge

78%

93%
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137
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264

Discussion and Conclusion
Sharing data and knowledge with the developers of (Q)SAR models will improve the performance of these
models as well as increase the number of compounds that can be predicted. It is possible to implement this
transfer of knowledge while still protecting the intellectual property associated with individual compounds
and data using a chemical substructure fingerprint. Improving the specificity of specific classes of compounds
such as primary aromatic amine, alkyl halides or aryl boronic acids by reducing false positives means that
sponsors will need to perform less laboratory testing while still protecting patient safety. This process is
illustrated showing the expected outcome from combining multiple companies’ fingerprint data for primary
aromatic amines.
Expert Alert for Primary Aromatic Amine
The objective of this analysis is to better understand the structure-activity relationships among compounds
containing PAAs to avoid inaccurate classifications for mutagenicity (false positives and false negatives) by
identifying classes of PAAs representing the highest and lowest safety concern. For this exercise, two terms of
art are defined: (1) active subclasses and (2) deactivating fragments. An active subclass represents a specific
group of aromatic amines that are generally positive, whereas deactivating fragments represent classes of
aromatic amines that are generally negative. These two classes will be identified and refined through an
assessment of public and proprietary data from pharmaceutical sponsors. The analysis of proprietary data has
been performed in a manner that is sensitive to intellectual property concerns of commercial organizations.
Two high quality databases, each comprised of data from numerous sources, containing primary aromatic
amines were used: (1) The non-proprietary training sets used to build (Q)SAR models at the US FDA with
Research Collaboration Agreement (RCA) partners[12,13], and (2) the Leadscope SAR 2014 database[14]. The
RCA-QSAR database is comprised of 3,979 chemicals, with data on overall Salmonella strains as well as 1,198
chemicals with a composite TA102 / E. coli strain call. These datasets contain non-proprietary data harvested
from FDA approval packages and the published literature. The Leadscope 2014 SAR Genetox Database is a
collection of genetic toxicology studies (including bacterial mutagenesis, chromosome aberration, mammalian
mutagenesis, and in vivo micronucleus) and contains 6,805 chemicals with graded bacterial mutagenesis calls.
Information was collected from electronic sources or manually harvested to create the data set. The following
sources were used: (1) The US Food and Drug Administration (FDA) Center for Food Safety and Applied
Nutrition (CFSAN) Food Additive Resource Management system (FARM) and Priority-based Assessment of
Food Additives (PAFA); (2) the US FDA’s Center for Drug Evaluation and Research (CDER) Pharmacology
Reviews based on the new drug approval (NDA) documents; (3) the Chemical Carcinogenicity Research
Information System (CCRIS); (4) the National Toxicology Programs (NTP) genetic toxicology database; (5) the
Tokyo-Eiken database; (6) and other publications.

This fingerprint was applied to both the public data set as well as proprietary collections. The result
is a listing of named substructures that are present along with the number of positive and negative
bacterial mutagenicity examples (as illustrated here for the public data sources):

Name
benzene, 1-amino(NH2)-,4-aryl-

Bacterial mutagenicity data
Number of
Number of
positives
negatives
37
5
9 (out of 42) matching
Database Structures

Name
1,3,5-triazine, 2-amino(NH2)-
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Bacterial mutagenicity data
Number of
Number of
positives
negatives
1
6

References
7 matching
Database Structures

It is possible to apply this fingerprint over a proprietary database without revealing confidential
information about individual compounds or their data as it only summarizes results across collections of
chemicals for the pre-defined substructures in the fingerprint.
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