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An introduction to in silico toxicology

Presented by: Donna S. Macmillan (Lhasa Limited) & Glenn J. Myatt (Leadscope, Inc.)

2019-2020 CTSS Webinar Series:



Overview

• Introduction to different methodologies of in silico toxicology

• Expert rule-based methodologies

• Statistical-based methodologies

• Expert review and predicting toxicity 

• Key learnings and conclusions



Introduction to different 
methodologies of in silico toxicology



Toxicology
● Definition: the study of the adverse health

effects of chemicals on living organisms

● Often assessed using in vivo (animal) models

● However, in vivo tests are expensive, time-
consuming, and are less desirable from an
ethical standpoint

● Non-animal alternatives are increasingly being
used in the pharmaceutical, pesticide, and
cosmetic industries e.g. in silico toxicology

In silico toxicology
● Definition: the development of mathematical

and computer-based models to better
understand and predict the adverse health
effects of chemicals on living organisms

● No animals used

● In silico toxicology is fast, cheap, and can be
used for multiple endpoints simultaneously

● Commonly used methodologies include expert
rule-based systems and statistical models

An introduction...



Some common uses for in silico toxicology

• Assessment of impurities and degradation products
• Assessment of extractables and leachables
• Worker safety
• Selection of product development candidates



(Q)SAR models

• (Quantitative) Structure Activity Relationship
○ Identifies the general relationship between a chemical structure and the 

corresponding biological activity
○ Based on the assumption that similar chemicals have similar 

physicochemical and biological properties

SAR

Qualitative relationship between 
structure and biological activity (e.g. 

expert rule-based model)

QSAR

Mathematical (quantitative) relationship 
between structural features and/or

physicochemical parameters and biological 
activity (e.g. statistical-based model)

(Q)SAR



Examples of (Q)SARs
Name Developer Expert / statistical? Free / commercial?

CASE Ultra MultiCASE Inc. Statistical Commercial

Derek Nexus Lhasa Limited Expert rule-based Commercial

Leadscope Model Applier Expert Alerts Leadscope Inc Expert rule-based Commercial

Leadscope Model Applier Statistical QSAR Leadscope Inc Statistical Commercial

OECD QSAR Toolbox OASIS, LMC Expert + statistical Free

Sarah Nexus Lhasa Limited Statistical Commercial

TIMES-SS OASIS, LMC Expert + statistical Commercial

TOPKAT BIOVIA Statistical Commercial

ToxTree IdeaConsult Ltd. Expert Free

Vega
Istituto di Ricerche Farmacologiche Mario Negri 

Milano
Statistical Free



Expert rule-based methodologies



• Clusters of similar chemicals are extracted from public (or 
proprietary) datasets

Expert rule-based methodologies

Dataset



• Clusters of similar chemicals are extracted from public (or 
proprietary) datasets

• Experts use their knowledge to ascertain whether a structural alert 
can be identified for a specific cluster and provide a mechanistic 
justification

Expert rule-based methodologies

Cluster Mechanism



Expert rule-based methodologies

Compounds with fluorine substituents are 
associated with a lack of toxicity
Rationalisation:

● Poorer leaving group
● Less reactive than other halogens

• Clusters of similar chemicals are extracted from public (or 
proprietary) datasets

• Experts use their knowledge to ascertain whether a structural alert 
can be identified for a specific cluster and provide a mechanistic 
justification

• The SAR is rationalised and activating or deactivating features 
captured

Cluster Structure-activity relationship (SAR)



• Clusters of similar chemicals are extracted from public (or 
proprietary) datasets

• Experts use their knowledge to ascertain whether a structural alert 
can be identified for a specific cluster and provide a mechanistic 
justification

• The SAR is rationalised and activating features or deactivating 
captured

• The SAR is encoded as a pattern to capture the toxicophore(s)

Expert rule-based methodologies

Toxicophore (pattern) 
encoded in alert



• Clusters of similar chemicals are extracted from public (or 
proprietary) datasets

• Experts use their knowledge to ascertain whether a structural alert 
can be identified for a specific cluster and provide a mechanistic 
justification

• The SAR is rationalised and activating features or deactivating 
captured

• The SAR is encoded as a pattern to capture the toxicophore(s)
• If a query compound includes the toxicophore, an alert is fired

Expert rule-based methodologies

Alert fired No alert firedToxicophore (pattern) 
encoded in alert



Example 1: Derek Nexus (Lhasa Limited)



Example 1: Derek Nexus (Lhasa Limited)
Query chemical



Example 1: Derek Nexus (Lhasa Limited)

Information about versioning, endpoint, 

species, alert(s) fired, EC3 prediction 

(skin sens only), if query matches an 

example in the knowledge base (KB) 



Example 1: Derek Nexus (Lhasa Limited)

Markush structure illustrating scope 

of alert and any exclusions 



Example 1: Derek Nexus (Lhasa Limited)

Alert comments describing toxicity 

data and mechanistic rationale



Example 1: Derek Nexus (Lhasa Limited)

Validation comments describing the 

predictive performance of the alert 

against known public datasets



Example 1: Derek Nexus (Lhasa Limited)

All references used to derive the alert 

(unless from proprietary data donated 

by a Lhasa Limited member)



Example 1: Derek Nexus (Lhasa Limited)



Example 1: Derek Nexus (Lhasa Limited)

SAR encoded as patterns (rules) by the alert 

writer which define the scope of the alert



Example 1: Derek Nexus (Lhasa Limited)

Publicly available examples which illustrate 

the scope of the alert (not the training set)



Example 1: Derek Nexus (Lhasa Limited)

• When an alert is fired, the prediction is given as a likelihood
• Indicates confidence in prediction

○ Equivocal, plausible, probable, certain are all considered positive predictions
○ Doubted, improbable are very rarely observed
○ Impossible used when species chosen makes the adverse outcome unable to 

occur e.g. skin sensitisation prediction using bacterium as the species

Judson et al., Toxicol. Res., 2013, 2, 70-79.



• For in vitro mutagenicity and skin sensitisation a negative 
prediction model is available

• In the absence of an alert, a negative prediction is provided

• Misclassified and unclassified features are negative predictions but highlight 
potentially concerning areas to consider reviewing to increase confidence

Example 1: Derek Nexus (Lhasa Limited)

Williams et al., Regul Toxicol Pharmacol. 2016, 76, 79-86. Chilton et al., Regul Toxicol Pharmacol. 2018, 95, 227-235.



Example 2: Leadscope Model Applier



Example 2: Leadscope Model Applier



Example 2: Leadscope Model Applier



Example 2: Leadscope Model Applier



Example 2: Leadscope 
Model Applier



Example 2: Leadscope Model Applier



Example 2: Leadscope Model Applier



Example 2: Leadscope Model Applier



Statistical-based methodologies



Statistical-based methodologies (QSAR)

• A training set is compiled with the chemical structure and the corresponding 
toxicity

• Molecular descriptors are calculated for each chemical structure
• A model is built using one or more molecular descriptors from every chemical to 

predict the toxic response
• Examples of statistical models are:

○ Random Forests

○ Artificial Neural Networks

○ Deep Learning

○ k-Nearest Neighbors

○ Support Vector Machines

○ Partial Logistic Regression

○ Partial Least Squares Regression

○ Multiple Linear Regression



Building statistical-based models



Building statistical-based models



Building statistical-based models



Building statistical-based models



Building statistical-based models



Making a prediction using statistical-based models



Making a prediction using statistical-based models



Making a prediction using statistical-based models



Making a prediction using statistical-based models



Making a prediction using statistical-based models



Making a prediction using statistical-based models



Predicting mutagenicity using Sarah Nexus

• Statistical model for prediction of in vitro mutagenicity
• Model is built with Lhasa-curated public data and member-donated data

○ Ames Data, 5 strain, where available
○ 9882 unique structures (4716 positive / 5166 negative)

How Sarah works...

• DNA-reactivity is driven by chemical reactivity and is best modelled at 
the fragment-level

○ Molecules are fragmented according to a series of rules

• The Ames Test activity of the parent molecule of each fragment is 
retrieved

Hanser et al., Journal of Cheminformatics, 6, 1-21.



Predicting mutagenicity using Sarah Nexus

How Sarah works...

• A recursive decision tree identifies (de)activating fragments
• Each fragment forms a potential hypothesis

○ If I see this fragment, I associate this with a positive or negative result in the 
Ames Test

• Each hypothesis is assembled into a network
• Self Organising Hypothesis Network (SOHN)

Hanser et al., Journal of Cheminformatics, 6, 1-21.



Predicting mutagenicity using Sarah Nexus

• Sarah has a defined applicability domain

• Predictions are transparent and therefore interpretable
Hanser et al., Journal of Cheminformatics, 6, 1-21.



Predicting mutagenicity using Sarah Nexus

Hypotheses

Overall Prediction: Overall 

confidence based on 

combining hypotheses 

confidences

Training Set Examples: Example 

activity and similarity to query compound

Hypotheses: Confidence based 

on example activities and 

similarity to query compound



Comparison of expert rule-based and statistical-based systems

Table from: Myatt, G. J., Beilke, L. D., Cross, K. P. (2017) In Silico Tools and their Application. In: Samuel Chackalamannil, David P Rotella and Simon E Ward, (eds.) Comprehensive Medicinal Chemistry III vol. 4, pp. 
156–176. Oxford: Elsevier. http://dx.doi.org/10.1016/B978-0-12-409547-2.12379-0

http://dx.doi.org/10.1016/B978-0-12-409547-2.12379-0


Expert review and predicting toxicity



Expert review

• An expert review is prudent to increase the reliability of an in silico prediction 

• In silico systems provide additional supporting information

○ Expert rule-based methodologies: prediction confidence, structural basis, 

mechanistic basis, examples, underlying study information, …

○ Statistical-based methodologies: structural descriptors, phys-chem descriptors, 

confidence metric, contributions, underlying data, study information, 

information on analogs, …

• An expert review involves an examination of this supporting data alongside any 

other relevant knowledge to

○ Provide rationale to support the in silico conclusion

○ To support assessments of inconclusive predictions (e.g., equivocal predictions, 

out-of-domain assessments)

○ Potentially refuting a prediction with sufficient evidence

• Expert review is complete when the user is satisfied that the prediction is correct



Expert review

• Expert review is recommended for certain regulations e.g. ICH M7 
(DNA-reactive mutagenicity).

• When both systems predict the same outcome the probability  of 
the predictions being correct is high.

• Expert review is prudent when the outcomes from the two 
complementary systems differ or there is some uncertainty.

Table summarized from: Amberg, A., et al., 2019. Principles and procedures for handling out-of-domain and indeterminate results as part of ICH M7 recommended (Q)SAR analyses. Regulatory Toxicology and Pharmacology 
102, 53–64. doi:10.1016/j.yrtph.2018.12.007 



Predicting toxicity - Example 1

Supporting information

● Aromatic amines well-known to be mutagenic in the Ames test

● Mechanism thought to go through a reactive nitrenium ion which can bind to DNA

● Positive Ames data available for this exact compound in multiple datasets

Expert rule-based system Statistical model

Lhasa software probable positive (100% confidence)

Leadscope, Inc. software positive positive



Predicting toxicity - Example 2

Supporting information

● No alerting (reactive) features present on this compound

● Negative Ames data available for this exact compound in multiple datasets

Expert rule-based system Statistical model

Lhasa software inactive negative (100% confidence)

Leadscope, Inc. software negative negative



Predicting toxicity - Example 3

Supporting information

● Chemical analog supports a negative assessment

Query chemical Negative 
chemical

Expert rule-based system Statistical model

Lhasa software inactive outside domain

Leadscope, Inc. software indeterminate negative



Key learnings

• Defined in silico toxicology and current use cases

• Defined main in silico methodologies

• Explained how expert rule-based and statistical-based methodologies are 

developed and used to make predictions

• Explained the role of expert review

• Provided examples of how predictions are made



Conclusions

• In silico toxicology is a fast and inexpensive approach to support toxicological 

assessments

• It is accepted as part of regulatory submissions (e.g., ICH M7)

• Using multiple methodologies alongside an expert review represents current 

best practice in the field
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Thanks for listening

Please get in touch if you have any questions:

Donna Macmillan, Lhasa Limited: donna.macmillan@lhasalimited.org

Glenn Myatt, Leadscope, Inc: gmyatt@leadscope.com

Thank you SOT and CTSS!

mailto:Donna.Macmillan@lhasalimited.org
mailto:gmyatt@leadscope.com


Next CTSS Webinar (2 of 4):

January 16, 2020 

Title: US FDA Experience in the Regulatory Application of (Q)SAR Modeling

Speakers: Naomi Kruhlak, FDA CDER 

Time: 11am-noon EST (1 hour) 

Not an CTSS member yet?  Consider joining today!
Joining is as easy as going to our website:

http://www.toxicology.org/groups/ss/ctss/
and following the links to “join CTSS”

WEBINARS AVAILABLE ON CTSS WEBSITE!
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