
• The false positive and false negative rate was low, at 15%.  

Table 3. Chemicals analysed in Derek Nexus and Leadscope Model Applier 
and the literature search results

• The combined use of two complementary in silico models such as Derek Nexus 
and the Leadscope Model Applier for the prediction of genotoxicity increased 
sensitivity on this limited dataset.
• Often, increased sensitivity comes with the cost of specificity. However, in 

hazard identification, a conservative approach where false positive 
compounds are flagged can be advantageous to ensure that a positive 
compound is not missed. 

• Expert review of the predictions, including the use of analogue searches for 
structurally similar compounds and expert review can increase the predictivity.

• The concordance of two different software predicting the same outcome 
increases confidence in the predictions.

• The approach of two complementary models has the potential to be applied to 
other endpoints, such as carcinogenicity, reproductive and developmental  
toxicity. 

Software
• Derek Nexus is an expert knowledge-based system, developed by Lhasa Ltd, 

that applies expert knowledge rules to make predictions about the toxicity of a 
chemical. 

• The Leadscope Model Applier is a statistical-based QSAR prediction 
methodology, developed by Leadscope Inc. The model calculates a probability 
of a positive outcome, as long as the compound is within the applicability 
domain. 

• The parameters used in this study are shown in Table 1.  

Table 1. Software and processing parameters used in this case study

• From the literature search, a total of 32 chemicals were identified, consisting of 19 
genotoxic compounds and 13 non-genotoxic compounds. 

Table 2. Prediction outcomes

• All compounds were within the domain of applicability in Derek Nexus and 
Leadscope, demonstrating that both software packages are applicable to a 
wide range of chemical classes and different industry sectors.

• Although a small number of chemicals have been analysed, the compounds used 
here demonstrated that the use of a single programme alone had a sensitivity of 
84% and this was increased to 100% when two programmes were used together. 

• The specificity was 77% when one programme was used alone and this was 
increased to 92% when two programmes were used together.
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Combination of two in silico models to increase the confidence 
in predictions of toxicity

• In silico methods for the prediction of toxicity of certain endpoints are becoming 
more widely used in the field of toxicology, including consumer goods, 
academia, pharmaceuticals and also by regulatory agencies. 

• In silico models can be used to predict a variety of toxicity endpoints, including 
skin sensitization, carcinogenicity, mutagenicity and genotoxicity, and others. 

• Genotoxicity assays, particularly in vitro, are often used to examine the 
genotoxic potential of chemicals and may be predictive of carcinogenicity. 

• As chemical innovation increases, often producing 100s or 1000s of chemicals 
for genotoxicity testing, the use of these in vitro assays can become 
impracticable for testing. 

• In silico testing of these candidate compounds can circumvent the requirement 
for in vitro genotoxicity tests. Furthermore, they can feed into the early stages 
of risk assessment as part of the hazard identification process and also 
address data gaps. 

• Regulatory guidelines, such as the ICH M7 for genetic impurities1, REACh2 and 
the Cosmetics Directive3 now promote and accept the use of in silico methods 
for the prediction of mutagenicity and genotoxicity.  

• In the case of the ICH M7 guideline, which is specifically for (Ames) mutagenic 
identification of impurities in pharmaceuticals, the guideline recommends the 
use of two complementary in silico programmes; one that is knowledge based 
and one that is statistically based.

Knowledge-based models
• Knowledge-based systems use public and proprietary datasets to develop rules 

and alerts of sub-structures associated with a toxicological endpoint. 
• These rules are called structural alerts (SA) or toxicophores and the models are 

based on human knowledge acquired by analysis of the toxic effects of certain 
chemicals. 

• When a query chemical is entered into the software, it identifies chemical 
fragments which are responsible for a toxic effect, based on the derived rules.

Statistical (Q)SAR models
• Statistical or (Q)SAR models use a training set, which contains structural 

features of a chemical and the toxicological information as the basis of the 
models.  

• (Q)SAR models search for mathematical correlations and relationships 
between a chemical structure and biological activity. 

• The properties of chemicals are translated to molecular descriptors where the 
statistical correlation with toxicity is formulated by an algorithm. 

Test compounds
• Genotoxic and non-genotoxic test compounds were identified from sources 

such as ECHA, EPA and literature searches. 
• The compounds varied in terms of use and chemical class and included 

generic pharmaceuticals, food ingredients and tobacco smoke toxicants.

CAS RN Name Literature review

122852-42-0 Alosetron Not genotoxic
472-61-7 Astaxanthin Not genotoxic
50-32-8 Benzo(a)pyrene Genotoxic
71-43-2 Benzene Genotoxic
92-67-1 4-Biphenylamine Genotoxic
98-07-7 Benzotrichloride Genotoxic
7235-40-7 Beta carotene Not genotoxic
106-99-0 1,3-Butadiene Genotoxic
67-66-3 Chloroform Not genotoxic
999-81-5 Chlormequat chloride Not genotoxic
54749-90-5 Chlorozotocin Genotoxic
56-53-1 Diethylstilbestrol Genotoxic
57-97-6 7,12-Dimethylbenz(a)anthracene Genotoxic
18479-51-1 Dihydrolinalool Not genotoxic
109-95-5 Ethyl nitrite Genotoxic
75-21-8 Ethylene oxide Genotoxic
110-00-9 Furan Genotoxic
556-52-5 Glycidol Genotoxic
502-65-8 Lycopene Not genotoxic
69-65-8 Mannitol Not genotoxic
91-59-8 2-Naphthylamine Genotoxic
142-50-7 Nerolidol Not genotoxic
62-75-9 N-Nitrosodimethylamine Genotoxic
88-72-2 2-Nitrotoluene Genotoxic
91-22-5 Quinoline genotoxic
501-36-0 Resveratrol Genotoxic
58-95-7 Tocopheryl acetate Not genotoxic
124937-51-5 Tolterodine Not genotoxic
75-01-4 Vinyl chloride Genotoxic
100-40-3 4-Vinyl-1-cyclohexene Genotoxic
11104-38-4 Vitamin k1 Not genotoxic
144-68-3 Zeaxanthin Not genotoxic

Parameter Derek Nexus Leadscope Model Applier
Programme version 6.0.1 3.6.4-1
Knowledge-base Derek KB 2018 1.1 NA

Endpoints

Mutagenicity in vitro
Mutagenicity in vivo
Chromosome damage in vitro
Chromosome damage in vivo

Mutagenicity in vitro
Mutagenicity in vivo
Clastogenicity in vitro
Clastogenicity in vivo

Reasoning level
Positive: Plausible, Probable, Certain
Equivocal: Equivocal
Negative: Doubted, Improbable

Positive: > 0.6
Equivocal: <0.4 < 0.6
Negative: < 0.4

Match alerts without rules No NA
Perceive tautomers Yes NA
Perceive mixtures Yes NA

Derek Nexus Leadscope Model Applier
Compounds in applicability domain 32/32 32/32
Correctly predicted positive 16/19 19/19
Correctly predicted negative 10/13 11/13
Incorrectly predicted positive 2/13 2/13
Incorrectly predicted negative 3/19 0/19

1. ICH M7 – assessment and control of DNA reactive (mutagenic) impurities in pharmaceuticals to limit potential carcinogenic risk (2015). 
http://www.fda.gov/Drugs/GuidanceComplianceRegulatoryInformation/Guidances/UCM347725
2. Regulation (EC) No 1907/2006 of the European Parliament and of the Council of 18 December 2006 concerning the Registration, 
Evaluation, Authorisation and Restriction of Chemicals (REACH)…, Off. J. Eur. Union Lett., 396 (2006), pp. 1-849 
3. Alternative methods for for toxicity testing – Computational methods. https://ec.europa.eu/jrc/en/eurl/ecvam/alternative-methods-
toxicity-testing/computational-methods
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