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A B S T R A C T   

To reach conclusions during chemical safety assessments, risk assessors need to ensure sufficient information is 
present to satisfy the decision criteria. This often requires data to be generated and, in some cases, insufficient 
knowledge is present, or it is not feasible to generate new data through experiments. Read-across is a powerful 
technique to fill such data gaps, however the expert-driven process can be time intensive and subjective in nature 
resulting in variation of approach. To overcome these barriers a prototype software application has been 
developed by Lhasa Limited to support decision making about the toxicity and potency of chemicals using a read- 
across approach. The application supports a workflow which allows the user to gather data and knowledge about 
a chemical of interest and possible read-across candidates. Relevant information is then presented that enables 
the user to decide if read-across can be performed and, if so, which analogue or category can be considered the 
most appropriate. Data and knowledge about the toxicity of a compound and potential analogues include assay 
and metabolism data, toxicophore identification and its local similarity, physico-chemical and pharmacokinetic 
properties and observed and predicted metabolic profile. The utility of the approach is demonstrated with case 
studies using N-nitrosamine compounds, where the conclusions from using the workflow supported by the 
software are concordant with the evidence base. The components of the workflow have been further validated by 
demonstrating that conclusions are significantly better than would be expect from the distribution of data in test 
sets. The approach taken demonstrates how software implementing intuitive workflows that guide experts during 
read-across can support decisions and how validation of the methods can increase confidence in the overall 
approach.   

1. Introduction 

Read-across methods can be used for the prediction of many chem-
ical properties. The basic concept is to gain insight into one or more 
properties of a target compound by comparison with the known prop-
erties of other compounds, usually termed analogues. The method is 
particularly useful for making a prediction of toxicity where there are 
insufficient data for a compound and where testing may be expensive, 
time consuming or be unacceptable for ethical or legal reasons. 

There is currently no standard method for performing a read-across 

analysis for toxicity though several approaches have been published 
over the last few years [1–9]. Consistency of read-across methodology, 
or workflow, is extremely important in assessing a read-across analysis 
and regulatory agencies, who may be presented with read-across ana-
lyses among submission data that they have to consider, have com-
mented on this [10–12] with the European Chemicals Agency (ECHA) 
publishing their own Read-across Assessment Framework (RAAF) [1]. 
Read-across has also been used alongside other New Approach Meth-
odologies (NAMs) [13–15]. All approaches to read-across have common 
elements based on deciding which compounds form close analogues to 
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the target, based on their chemical structure [5] and other factors such 
as physico-chemical properties or metabolism [16–18] which are 
considered to be important to the toxicity of interest. Deciding on what 
constitutes ’similar’ in terms of chemical structure is not straightforward 
and measures of similarity which focus on a specific area of the target 
molecule may be more successful than measures of similarity of the 
whole target molecule [5,19,20]. 

A read-across analysis may produce a binary toxic/non-toxic 
outcome or a potency expressed as a point value or range [21]. Read- 
across may reference a single compound or, alternatively, a category 
approach may be taken [14,22–24], in which a well-described group of 
compounds with structural [22,25] and possibly physico-chemical 
properties [26] is defined and the toxicity of the target is considered 
in relation to this group. 

Read-across requires a number of individual decisions each of which 
may materially influence the final conclusion and therefore a software 
solution that systematically identifies and simplifies these decisions of-
fers significant benefit. To this end, several software solutions have been 
made publicly available. The United States Environmental Protection 
Agency (US EPA) have implemented a workflow called GenRA, gener-
alised read-across, in the CompTox chemical dashboard [27]. GenRA 
attempts to make the read-across process algorithmic, and thus repro-
ducible. It does this by using structural descriptors (Morgan fingerprints 
and torsion descriptors) as well as bioactivity descriptors. Benfenati and 
co-workers have reported ToxRead [28] which is aimed specifically at 
read-across for mutagenicity. It uses structural alerts and other relevant 
features to identify analogues of a target chemical. The OECD toolbox 
supports a read-across workflow based on category and sub-category 
definitions [11]. Kutsarova et al. have published an automated method 
of using the QSAR toolbox for prediction of acute oral toxicity [29,30]. A 
simple workflow for read-across implemented in Knime has been 
demonstrated for aromatase activity [31] and a framework which allows 
for different toxicity endpoints has been published by Moustakas et al. 
[32] An approach to quantifying the suitability of analogues for toxicity 
assessment has been published [33] the approach goes beyond using 
simple structural similarity for selection of analogues: biological, 
physico-chemical and metabolic properties are taken into account when 
generating an overall score for potential analogues. Commercial tools 
have also been developed: QSAR Flex is a tool developed by MultiCASE 
which also has a module to aid in read-across [34], and Instem have 
recently added read-across support to their Model Applier Computa-
tional Toxicology software, though few details are available at the time 
of writing [35]. Commercial tools may have the advantages of con-
necting to proprietary data held by the users or to data sharing initia-
tives which may themselves have restricted access. 

In this paper we report how we have integrated components into a 
prototype application which supports the user to assemble all the rele-
vant data, interact with different facts during read-across and make an 
overall read-across assessment. We illustrate the decision making pro-
cess with N-nitrosamine examples and consider more broadly the how in 
silico frameworks can support more general read-across approaches. The 
emphasis of the prototype application is to support the human expert, 
suggesting a standard mode of use, but allowing the expert to apply their 
expert knowledge. 

Nitrosamines and their toxicity have come to the fore in recent years 
as their presence as impurities in widely used pharmaceuticals [36] has 
led to withdrawal of drugs impacting on the healthcare of people reliant 
on the drugs as well as the cost to pharmaceutical companies. Initially, 
nitrosodimethylamine (NDMA) or nitrosodiethylamine (NDEA) were 
discovered as impurities as a result of manufacturing processes, but 
nitrosated derivatives of the API have also triggered recalls[37]. 

The most concerning aspect of the toxicity of nitrosamines is their 
carcinogenic potential, particularly as some of the drugs concerned are 
expected to be taken over a lifetime. As some nitrosamines are known to 
be very potent carcinogens, there is a need to assess the risk associated 
with these compounds without experiments on animals. By using 

existing data for compounds of this class, it might be possible to agree an 
acceptable intake (AI) for novel, untested, nitrosamines. 

The reader should note that classification of chemicals as 
carcinogen/non-carcinogen has been questioned [38], indeed the term 
’cancer hazard’ rather than ‘carcinogen’ has been recommended. It is 
outside the scope of this paper to discuss terminology, and we use the 
term ‘carcinogen’ only since it is widely used in the scientific community 
at present. Limits of exposure to some nitrosamines have been derived 
based on read-across from NDMA or NDEA [39,40] which are both 
known to be extremely toxic compounds and thus have AIs which are 
very low, 96 ng/person/day for NDMA and 26.5 ng/person/day for 
NDEA, although these values have been questioned [41]. Many other 
nitrosamines are known to be carcinogenic in mammals, though their 
toxicity is generally lower than NDMA while still other nitrosamines do 
not exhibit carcinogenicity [42]. A read-across approach to estimating 
daily limits based on nitroso piperidines has recently been published 
[43]. The European Medicines Agency has recently augmented its advice 
on nitrosamine impurities [44] with a Q & A document refining its 
approach to AI values of nitrosamines [45] The EMA guidance includes a 
decision tree for AI but other techniques, including analogues selected 
by read-across, are considered. 

We illustrate how the application can be used to identify toxic ni-
trosamines and assign a potency value to them expressed as the TD50 in 
mg/kg/day (dose causing tumour in 50 % of the exposed individuals). 
The approach uses both defined categories and focussed similarity as 
well as taking into account metabolism (either observed or predicted) 
and calculated physico-chemical properties and biological clearance. 
The components within the software established to support these expert- 
driven assessments were also validated to support further justification of 
the approach. 

2. Methods 

2.1. Data 

Toxicity data from several databases were used. Data from Kaptis (in- 
house version) [46] were augmented with data from the Vitic database 
(version 2022.1.0) [42,46,47] and freely available Lhasa Carcinoge-
nicity Database (LCDB) version 2021.1.0. [46,47]. The Kaptis data 
consisted of overall calls for relevant assays and some more detailed data 
about the observations made as part of each assay where they were 
available. Vitic and LCDB contributed observations for specific assays 
and derived potencies as TD50. 

Although all the data in the constituent databases were available for 
comparison by the prototype application, in practice, only compounds 
with the N-nitroso group were considered as possible analogues. In total 
there were 508 N-nitrosamines with some data relevant to forming a 
conclusion about either carcinogenic activity or potency. 

The set of 508 compounds was compiled separately for the validation 
study. The breakdown of this dataset was as follows. The data from 
Kaptis yielded 244 compounds with either an Ames call (202 positive, 
33 negative, 9 other) or a rodent carcinogenicity call (68 positive, 9 
negative, 2 other). Vitic yielded 434 compounds with an overall call for 
Ames (346 positive, 78 negative, 10 other) and 197 compounds with a 
call for an assay in the carcinogenicity table. LCDB gave 140 compounds 
with a call of which 48 had a TD50 (either Gold TD50 or Lhasa TD50 or 
both) [48]. The different sources were combined on a conservative basis, 
i.e. any positive call resulted in the compounds being considered posi-
tive and compounds were considered negative if the only data available 
were negative calls. Compounds were removed if they had equivocal or 
conflicted calls but no positive calls. This left a set of 494 N-nitrosa-
mines: 418 positive and 76 negative. A subset of these data was 
compiled where compounds which had only Ames data were excluded. 
This gave a set of 250 compounds with a carcinogenicity call: 201 
positive and 49 negative. 

The Lhasa Limited metabolism database provided data about 
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metabolites for compounds where these were known [49]. 

2.2. Knowledge 

The links between assays and adverse outcome in the context of 
expert derived AOPs were provided by Kaptis [46,50]. 

Forty-six structural features considered to be of potential signifi-
cance in the classifying of toxicity or evaluating carcinogenic potency of 
N-nitrosamines have been evaluated in-house and collaboratively 
[25,51–53]. They are listed in more detail in Thomas et al. [51], which 
had 41 patterns, and four patterns have been added for completeness of 
coverage of chemical space; these do not substantively affect the results 
determined by Thomas et al. Further refinements in light of the EMA Q & 
A document were made by Ponting [53]. These features can be used to 
develop potency categorisation where features lead to statistically sig-
nificant increases, or decreases, in potency [51,53]. 

Toxicophore identification was provided by a modified web service 
of Derek Nexus [46,47,54] using the 2022.1.0 version of the knowledge 
base. 

2.3. Predictions 

Metabolite and site of metabolism predictions were provided by an 
in-house web service using transformations derived from Meteor Nexus 
version 3.1.0 [54,55]. 

An in-house model of clearance was used. The dataset of human 
clearance values used for model training contained 1325 compounds 
from the ChEMBL database version 25 [56]. The dataset was stand-
ardised such that clearance units were ml min− 1 kg− 1. A random forest 
was built using Python (3.8.8), Scikit-learn (1.0.2) [57] and RDKit 
(2021.09.2) [58]. Descriptors based on physico-chemical properties 
were calculated from compound SMILES strings using RDKit’s “Molec-
ular Descriptor Calculator”. The first 123 descriptors were used for 
model building. Model hyperparameters were optimised using a 5-fold 
cross validation approach with negative mean squared logarithm base 
10 scoring. The final random forest model contained 1000 estimators 
with a maximum depth of 50 and a maximum number of features set at 
40. 20 % of the original dataset was withheld and used as a test set in 
order to assess the final performance of the model. The average model 
performance based on the test set was 0.495 root mean squared log (base 
e) error with a root mean squared error of 12 ml min− 1 kg− 1. 95 % 
confidence intervals were calculated using conformal prediction based 
on the normalised nonconformity measure (equation 32) from Papa-
dopoulos et al. [59]. This also required the use of a nearest neighbour 
model (scikit-learn 1.0.2) which was built from a dataset withheld from 
training the underlying random forest clearance model. The nearest 
neighbour model was based on 5 nearest neighbours via a ball tree al-
gorithm. The applicability domain was defined as those compounds 
within the range of minimum and maximum values of each descriptor as 
observed in the training set. 

An in-house model of solubility was used [60]. 
Log P values were provided by JPLogP [61]. 

2.4. Software 

The prototype application was developed using an internal suite of 
tools [50,62]. The data, knowledge and predictions in the preceding 
sections were provided as web services that were called by the prototype 
application. To enable batch processing for validations the 45 categories 
in Cross and Ponting [25] and the focussed similarity method were 
incorporated into a Knime workflow. 

3. Results 

3.1. Workflow supported by the software 

The workflow supported by the prototype application is based on the 
ECHA RAAF and is shown in Fig. 1; here it is described in more detail. 
The reader is also pointed to the examples which illustrate the approach 
in a less abstract form. 

3.1.1. Step 1: Submit query compound (target); choose endpoint 
The compound to read-across to – the query compound or target – is 

entered into the prototype application, either drawn by the user or 

Fig. 1. Workflow supported by the prototype application.  
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imported as a SMILES or MOLfile. Standardisation of the structure in-
formation is essential to ensure consistent representation and relevant 
data is retrieved from databases and prediction systems. In the proto-
type, the method(s) of standardisation can be selected by the user, but 
the recommended default is for the structure to undergo validation 
(looking for valency violations etc.) and normalisation (transforming to 
a favoured tautomer or mesomer). Contextualisation (removing salts 
and dealing with mixtures; removing stereochemistry etc.) might be 
appropriate, but, when considering similarity beyond simple chemical 
structure, e.g. solubility or other physicochemical effects, this may not 
be suitable. In-house tools using a rule-based approach are used for these 
steps [50]. If the structure is found in the databases, then the prototype 
application will display this to the user. 

To frame the safety assessment the user also selects an endpoint or 
adverse outcome for the read-across. Whilst this is optional, so allowing 
the user to do a very general read-across, it is recommended to select a 
toxicity endpoint to make most use of the methods of narrowing down 
potential read-across analogues. In this instance the underlying toxicity 
knowledge is based on adverse outcome pathways (AOPs) and the Kaptis 
knowledge base, which links toxicology assays to AOP key events and 
adverse outcomes [63,64]. The user can select any subset of the AOPs 
which lead to an adverse outcome if known pathways are the focus of the 
read-across. The linking of assay data, from which the read-across might 
be made, to toxicological endpoints/adverse outcomes using AOPs al-
lows the user considerable control in selecting appropriate assays and 
findings. For example, the relevance of animal data to human cancer 
hazard is disputed [65,66] and certainly in cases where animals are 
found to develop tumours which have no equivalent in humans [67] the 
user may consider the animal data to have no relevance to a human 
safety assessment. 

3.1.2. Step 2: Are toxicity data available? 
In keeping with the ECHA RAAF, any available toxicity data about 

the submitted compound are retrieved from the databases. Firstly, data 
about the submitted compound are presented; any available data are 
organised by the assay and the measurement – which are selectable by 
the user – and the observations are presented in a table form and 
appropriate graphical format e.g. histogram. 

This may be sufficient for the user to assess the toxicity of the sub-
mitted compound. However, further relevant data may be available. In 
particular, and again as suggested by the RAAF, any known metabolites 
of the submitted structure are retrieved from a database of published 
metabolism studies. Available toxicity data for each of the identified 
metabolites are also retrieved from the toxicity databases and displayed 
in the same way as for the submitted compound. Knowing the metabolic 
fate of the submitted compound may reveal that it is converted into a 
compound for which sufficient data are available to allow the user to 
make a decision on the toxicity of the submitted compound. 

For novel structures, it is unlikely that toxicity or metabolism data 
will be available in the public domain, though it may well be that users 
with private or proprietary data will have relevant information. 

3.1.3. Step 3: Find analogues 
Assuming that either no data are available for the submitted com-

pound directly or that such data that are available are insufficient to 
come to a conclusion about its toxicity, the next steps involve the read- 
across process in order to identify suitable analogues. This part of the 
workflow incorporates the steps in the RAAF for considering both a 
category approach and finding individual analogues. 

This section is divided into the individual steps shown in Fig. 1. 

3.1.3.1. Step 3.1: Filter only compounds with the same toxicophore. The 
first step in the read-across process is to identify the parts of the target 
compound that are relevant to the toxicity endpoint selected. The user 
might already have prior knowledge of the toxicophore that they are 

most interested in, but a more robust approach is to use structural alerts 
from knowledge base systems. In this instance toxicity predictions from 
Derek Nexus are used to identify all the relevant toxicophores in the 
target molecule. 

In terms of making a read-across assessment it is important that 
candidate read-across analogues have a similar mechanism of action to 
the target compound. Therefore, only considering compounds with the 
same toxicophore(s) as the target is important. A candidate analogue 
which did not contain the identified toxicophore would be a poor choice, 
because any toxicity it exhibited would likely arise from a different 
mechanism, although even then there may be some subjectivity in this 
decision depending on how the toxicophores are implemented. 

Where the toxicophore is unknown, it is obviously not possible to 
make a read-across of positive toxicity that is as convincing as where the 
toxicophore is known. Furthermore, in order to read-across a negative 
toxicity, i.e. to read-across from a compound considered to be similar 
which also does not contain a toxicophore and is found to be non-toxic, it 
is important that the user is presented with similar compounds which 
nevertheless do contain a toxicophore, if only to be able to discount 
them as potential analogues. The prototype application supports this use 
case by allowing the user to include in the assessment compounds which 
contain toxicophores not present in the target. 

3.1.3.2. Step 3.2: Select potency categories. The use of potency cate-
gories has been identified as a valuable step in the read-across process. 
In some cases, a category can be quite tightly defined and is exclusive of 
other chemicals, in other cases potency categories might overlap. 

In the case of nitrosamines, potency categories have been proposed 
by Cross and Ponting [25] and refined in further publications [51–53]. 
These categories share many features with the Carcinogenic Potency 
Categorisation Approach (CPCA) published by the EMA [68] which 
classifies N-nitrosamines into five different categories with four different 
AI values. Potency categories for nitrosamines have also been proposed 
by Dobo et al. [69]. The prototype application uses a set of structural 
categories which are related to potency categories and, typically, any 
particular nitrosamine will fall within the definition of several of these 
structural categories. To handle these subtleties around chemical simi-
larity is complex and careful user interface design is required so that 
multiple perspectives of chemical similarity can be examined by the 
user. One way that the prototype application handles this is through 
interactive plots such as Venn diagrams and UpSet plots that can display 
the number of chemicals that contain each combination of structural 
categories. Diagrams such as these can inform which analogues share 
important features which can be considered for read-across. However 
each diagram can have their own strengths and limitations depending on 
the complexity of the scenario. For example, Venn Diagrams can get 
unwieldly with more than 5 categories and therefore the user will have 
to prioritise which features are important for consideration. The reader 
is referred to the examples below where this situation is described in 
more detail. 

3.1.3.3. Step 3.3: Removal of compounds with other toxicophores. When 
considering candidate analogues for read-across of a particular toxicity 
endpoint, it may be sensible to remove compounds which can cause the 
same toxicity via mechanisms not available to the target compound, that 
is to say remove compounds with other relevant toxicophores. This is 
because if there are other mechanisms leading to that endpoint and 
affecting the potency, the analogues could be considered less relevant. 
However, in the case where one toxicophore is known to be very potent 
and a second toxicophore is known to be less so, a read-across from an 
analogue with other toxicophores might be acceptable. 

The prototype application gives the user the option to filter out 
compounds which fire Derek Nexus alerts for the endpoint of interest 
which are not fired by the target compound. The user can refine this to 
allow compounds which do indeed fire other relevant alerts and this 
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may be useful where the toxicophore is defined by different alerts that 
overlap. 

3.1.3.4. Step 3.4 rank based on focussed (local) similarity. After the user 
has narrowed down the possible read-across candidates by structural 
category and relevant toxicophore(s), the remaining compounds can be 
ranked by similarity to the target. Many chemical similarity measures 
use a whole molecule similarity but looking at global similarity alone is 
not appropriate in the case of selecting an analogue for read-across 
purposes because the local environment around the toxicophore plays 
a strong role in affecting the activity of the target. 

The prototype application uses a focussed similarity approach, 
whereby the atoms of the toxicophore (or other feature of interest) are 
selected as a core and the user selects which toxicophore (if there are 
more than one, or more than one occurrence) and how far away – in 
terms of bonds – the substructure for the similarity measure is. The 
equivalent substructure is selected from each of the candidate analogues 
by identifying the equivalent core (for example the atoms that match the 
same toxicophore identified by a Derek Nexus alert). From the sub-
structures a fingerprint is generated – in the case of the prototype 
application this is a Ceres fingerprint [62] – and the similarity of can-
didates is measured as the distance between the candidate analogue 
focussed fingerprint and that of the target compound. The measure of 
the distance is selectable by the user; typically, a Tanimoto distance 
between the fingerprints is used but the option of Tversky distances is 
also given. In practice, Tversky distances between the fingerprints are 
smaller, indicating greater similarity, where there are no other chemical 
functions in the substructures, thus indicating ‘simpler’ compounds as 
more similar to the target compound. 

Given that the distance between the fingerprints is a function of the 
size of the substructure in terms of number of bonds’ distance from the 
focus of similarity, the actual value of the similarity measure is less 
important than the ranking of the candidate analogues. 

3.1.3.5. Step 3.5 Compare metabolic profiles. An important step in 
making a read-across assessment as described in the ECHA RAAF, is to 
consider the metabolism of the target compound and how it compares to 
a suggested analogue. Clearly, if a target compound and proposed 
analogue differ in the metabolic transformations expected or observed 
around the toxicophore, the candidate would be considered a less 
convincing analogue. Even where any expected or observed metabolism 
is remote from the toxicophore it may still have a significant impact on 
the solubility, distribution or excretion of the target or candidate 
analogue and may be a factor in augmenting or undermining the user’s 
confidence in the appropriateness of a candidate as an analogue. 

In the prototype application, the target compound and candidate 
analogues have the observed or predicted metabolisms compared. If 
there are data on the target compound or candidate analogues, then it 
can be retrieved from the metabolism database. In the more common 
situation for novel compounds where there are no metabolic data, the 
prototype application can call on a web service implementation of 
metabolism prediction based on the knowledge in Meteor Nexus. The 
metabolism predictions used by the prototype application are limited to 
single generation metabolic transformations in a general mammalian 
model. The limiting of the predictions to a single generation of trans-
formations is for two reasons: firstly, and principally, because it em-
phasises the site in the target molecule and potential analogues at which 
metabolism takes place, and secondly, because it keeps the number of 
generated metabolites to a reasonably manageable number. The Meteor 
Nexus prediction model is a general mammalian one, though the user 
can change the prediction settings to utilise species specific predictions 
of metabolism where they are known. In contrast to metabolism studies 
where quantitative metabolic data are available, Meteor Nexus is only 
able to give a score [70] as an indication of likelihood of formation of a 
metabolite; the score is reported to the user and is used in ordering how 

the predicted metabolites are viewed. 
The prototype application displays the predicted metabolites of the 

target compound and the metabolic biotransformations that are pre-
dicted to arise in a table form alongside similar predictions for the 
remaining candidate analogues. In addition, the user can compare the 
metabolism of the target compound with that of another arbitrary 
structure. This is particularly useful in the case of N-nitrosamines where 
the user might want to look at the predicted metabolism of the parent 
amine alongside that of the nitrosamine derivative, to see if there are 
biotransformations specific to the nitrosamine that would imply a 
different general profile to that of the parent amine. 

3.1.3.6. Step 3.6 Consider toxicity data of analogues. Having reduced the 
number of candidate analogues using structural categories and focussed 
similarity, the user can retrieve the relevant toxicity data for them. In the 
prototype application, this is presented both in aggregated form using 
graphics such as histogram and tabular form allowing the user to 
investigate both individual candidate analogues and a set of analogues 
at the same time. 

3.1.4. Conclusion 
The different pieces of information in the read-across workflow are 

summarised in the prototype application in a table form. The most 
similar candidate analogues are ranked by their focussed similarity and 
presented with any relevant toxicity data. In addition, other calculated 
parameters which may contribute to the overall assessment are pre-
sented; these include molecular weight, solubility, log P and calculated 
clearance. These are presented graphically in a stacked bar chart, 
coxcomb plot, skyline plot, radar plot or heatmap with the physico- 
chemical and other properties normalised on the difference between 
the value for the candidate analogue and the target compound. The 
candidate analogues may also be ranked on the total over all the simi-
larity measures (focussed similarity and other properties). The inclusion 
of other properties ensures that global similarity is also taken into ac-
count when making the read-across assessment. Having the ability to 
select the most relevant analogues, rank them appropriately and dis-
playing properties in a user-friendly manner provides the foundations 
for experts to confidently perform read-across assessments. 

3.2. Examples 

The workflow is illustrated by the following examples. 

3.2.1. Example 1: N-nitroso varenicline 
N-Nitroso varenicline is an impurity found in the smoking cessation 

medication varenicline. The presence of N-nitroso varenicline at sig-
nificant levels above the permitted limit led to some recalls of batches of 
the drug in 2021 [52,71]. 

The structure of N-nitroso varenicline is entered into the prototype 
application along with that of varenicline as a secondary structure. 
Malignant neoplasm (i.e. carcinogenicity) is selected as the adverse 
outcome/endpoint and the relevant AOPs in the database are presented 
to the user. The prototype thus highlights a difference in the terminology 
between the AOPs (malignant neoplasm) with respect to that of the 
toxicology endpoint (carcinogenicity); through the use of controlled 
vocabulary, user-friendly tools can provide consistent representation in 
the interface. As N-nitroso varenicline is not in the underlying database 
no standardised versions of the structure of the compound are shown, 
see Fig. 2. 

As there are no relevant toxicity or metabolism data for N-nitroso 
varenicline the user moves on to the read-across process. The target 
compound fires Derek Nexus alert 070 for carcinogenicity of N-nitro and 
N-nitroso compounds and the prototype can query the underlying 
database to connect alert 070 to a key event in the AOP ‘Electrophilic 
reaction with DNA leading to carcinogenicity’. There are 13,433 
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compounds in the underlying database with data relevant to the AOP 
which are retrieved. The search for analogues can then be limited to 
compounds which also fire alert 070, which returns 480 more pertinent 
examples. 

The next stage is to consider the structural categories. N-nitroso 
varenicline falls into five of the defined structural categories in the 
prototype application, viz. has an alpha CH2; generic nitrosamine; 
piperidine derivative and N-nitrosamine in rings of sizes six and seven. 
There are no compounds in all five of these categories and the user can 
select all five categories to generate a Venn diagram to investigate how 
the 480 candidate compounds can be reduced to more relevant ones as 
shown in Fig. 3, where the user has also filtered out compounds which 
fire other Derek Nexus carcinogenicity alerts. Of the different overlap 

regions of the Venn diagram, there are no compounds in the centre 
section and only one of the 4-out-of-5 overlaps contains structures. In 
the populated 4-out-of-5 segment there are twenty-six compounds; these 
do not contain a ring of size seven. The prototype application lets the 
user select any number of sectors and the associated compounds appear 
in a structure matrix for inspection. 

The compounds in the matrix in Fig. 3 are unordered, but it can be 
seen that they have a high degree of structural homogeneity, and there 
may already be enough information to come to a conclusion on the 
toxicity of the target. The categories used by the prototype application 
are linked to potency values as proposed by Thomas et al. [51] and 
further refined by Ponting [53]. This uses a bucketing algorithm based 
on the potency categories listed in Table 1. 

Fig. 2. The prototype application compound entry and endpoint selection screen. (A) The target compound N-nitroso varenicline. (B) Optional secondary structure 
varenicline. (C) Selected adverse outcome/endpoint. (D) Derek Nexus prediction parameters and identified toxicophores (E) corresponding AOPs in Kaptis. (F) Any 
standardised version(s) of the target structure known to the database(s). (G) Compounds in the selected database(s) for which there are data associated with assays 
reporting for key events in the selected AOP. 

Fig. 3. Selected structure categories and selected overlap with the associated compounds in a Venn diagram in the prototype application. (A) Selected structure 
categories as a key to the Venn diagram. (B) Selected region of overlap. (C) Structures contained in the selected regions of overlap. 

S. Kane et al.                                                                                                                                                                                                                                    



Computational Toxicology 29 (2024) 100300

7

The bucketing algorithm that is proposed in Thomas et al. [51] states 
that if a compound contains features from neither list it is considered 
medium (150–1500 ug/kg/day); if it contains features from both lists it 
is also considered medium but requires further expert review; if it con-
tains only features from the increasing list, then it is considered strong 
(18–150 μg/kg/day) and if it contains only features from the decreasing 
list then it is considered weak (>1500 μg/kg/day). On this basis, the 
target compound contains features from neither list so the user would 
conclude that the target is in the medium potency category i.e. should be 
limited to 150–1500 μg/kg/day. 

Assuming that the user wishes to investigate further, they can move 
on to the next stage of the read-across process by returning to the 
twenty-six candidate analogues selected in Fig. 3 and ranking them 
using a focussed similarity to the target. The prototype application al-
lows the user to select the toxicophore from which the focussed simi-
larity is to be measured, as shown in Fig. 4. 

The target compound in Fig. 4 is shown with explicit hydrogens as 
they may form part of the toxicophore. The user has selected the relevant 
Derek Nexus alert and the occurrence of the alert in the target compound 
is highlighted. In some molecules, there may be more than one alert 
and/or may be more than one match of an alert and the prototype 
application allows the user to select which of the identified toxicophores 
to consider as the focus of the similarity. As can be seen the user can 
select the difference measure between the fingerprints of the target and 

candidate analogues (Tanimoto, Tversky (1,0) or Tversky (0,1)) as well 
as how many atoms and bonds away from the focus should be considered 
when generating the fingerprints to measure the focussed similarity 
(indicated by the Depth setting). In Fig. 4 the depth setting is 5 so the 
fingerprint will be generated using atoms at 5 bonds or less distance; this 
effectively excludes the remote heteroaromatic ring from consideration 
and this is also indicated in the Figure. 

The twenty-six analogues are ranked according to the focussed 
similarity settings and displayed to the user; in Fig. 5 the three com-
pounds with the highest focussed similarity are shown. The highlighting 
in Fig. 5 is calculated using an approach based on circular fingerprints 
[62,72], with areas of the target and analogue considered structurally 
similar shown in green and areas considered dissimilar shown in red. 
This highlighting is independent of the focussed similarity calculation 
but is nevertheless useful for the user in identifying regions of the 
molecules which are structurally different. Note that the visual simi-
larity is based on a different approach to that of Rinker and Landrum 
[73]. The prototype application attempts to orient the analogues relative 
to the target using the focus of similarity as a reference point. 

The three candidate analogues in Fig. 5 are, of course, isomers: two 
are stereo-defined and the third does not have defined chemistry so is 
assumed to be a mixture. A more sophisticated similarity measure would 
consider the compound with cis methyl substituents as slightly more 
similar to N-nitroso varenicline than the others as they match the 
positioning of the aromatic carbons in the target structure – though in 
this case there is no difference in the toxicity reported for the different 
isomers. 

With the candidate analogues ranked, the user is directed to the 
comparison of the predicted metabolism. Parts of the predicted metab-
olisms for N-nitroso varenicline, the secondary structure of varenicline 
and the highest ranked candidate analogue are shown in Fig. 6. The 
prototype software orders the predicted biotransformations from left to 
right by their score [70] in the metabolism prediction web service for the 
target compound and then lexicographically, though the user can rear-
range the prediction for ease of viewing. Fig. 6 shows that there are 
biotransformations unique to the secondary structure and that the 
highest ranked analogue and the target undergo equivalent metabolism 
of oxidation beta to the nitrosamine by two different biotransformations 
– thus augmenting the suggestion of the highest ranked candidate as a 
good analogue for the target compound. 

Revisiting the comparison of target and the analogue, the prototype 
application allows the augmentation of the side-by-side similarity 
shown in Fig. 5 with the sites of metabolism calculated by the meta-
bolism web service and corresponding to the biotransformations shown 
in Fig. 6; this is shown in Fig. 7. 

The final step of the read-across analysis brings together the toxicity 
data for the candidate analogues as well as calculated physicochemical 
and biochemical properties of the candidates and the target. In any 
particular read-across, different biochemical and physiochemical prop-
erties will be of interest and the prototype application gives the user 
access to many different calculated properties. 

In Fig. 8 five of the most similar candidate analogues are shown 
alongside the target compound together with the relevant data sum-
marised with some calculated physico-chemical data and the prediction 
from an in-house clearance model. TD50 values are shown from the 
LCDB and are in mg kg− 1 day− 1; the predictions from the clearance 
model are shown with 95 % confidence intervals. Where Ames data has 
been retrieved from Vitic the prototype application applies red-amber- 
green colour coding to the experimental data according to how it com-
plies with regulatory guidance [74]: the guideline compliance is 
considered strong and coloured green if a positive result, even if in a 
single-strain, is obtained, or if the compound is found to be negative in 
the recommended combination of 5-strains +/− S9. If a compound is 
found to be negative in 4-strains +/− S9 it is considered to be acceptable 
in most cases, rated medium and coloured amber. Other cases are 
considered weak and coloured red. The combination of strains 

Table 1 
Potency features after Thomas et al. [51] modified by Ponting [53].  

Potency increasing features Potency decreasing features 

One or both α-carbons are ethyl or 
methyl 

Carboxylic acid group anywhere 

Benzylic, allylic or propargylic 
conjugation 

One or both α-carbons are aromatic 

Weak β-electron withdrawing 
group, e.g. carbonyl 

Strong β-electron withdrawing group, e.g. -CF3 

One or both β-carbons are methyl Steric hindrance, e.g. isopropyl group 
Has two hydroxyl groups 

positioned β and ɣ 
Lack of α-hydrogen, e.g. tert-butyl group  

Has one or more β-hydroxyl groups  
Both sides of the nitrosamine are in large 
chains (five atoms or more).  

Fig. 4. Toxicophore match of the Derek alert 070 highlighted in green on the 
target compound and options for measuring the focussed similarity. The dis-
tance from the toxicophore that is included in the focussed similarity is selected 
with the Depth parameter and highlighted in yellow. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web 
version of this article.) 
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Fig. 5. Top-ranked candidate analogues for N-nitroso varenicline showing the structural similarity highlighting.  

Fig. 6. Extract from the predicted metabolism of N-nitroso varenicline, varenicline and the highest ranked candidate analogue of N-nitroso varenicline. Bio-
transformations marked (A) and (B) show similar derivatives obtained by different biotransformations. 
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recommended to detect mutagens has been discussed [75] but its eval-
uation is outside the scope of this work, nevertheless, the guideline 
compliance is particularly important when considering data which 
suggest a compound is negative in the Ames test. 

The prototype application provides the user with several graphical 
means to compare the similarity of the potential analogues with the 
target. Three different views are shown in Fig. 9: stacked bar chart, 
coxcomb plot and skyline plot; for the three views each of the selected 
properties is represented by a different colour. For the stacked bar chart, 
the width of the colour indicates the relative similarity of the property to 
that of the target compound. All the properties are scaled by the dif-
ference between the value for the analogue and that of the target with 
the greater width indicating more similarity. In the coxcomb plot, a 
circle is divided into segments of equal angle, with one segment per 
property and the similarity of the property of the analogue with that of 
the target represented by the length of the radius of the coloured part of 
the segment; the most similar analogues would fill the coxcomb plot 
circle. In the skyline plot the difference in the values of the selected 
properties for the analogues is shown normalised relative to that of the 
target but this view has the extra property of showing the direction of 
variation of the analogue’s property relative to that of the target’s 
property: positive differences being above the skyline and negative 

differences below the skyline – the focussed similarity will always be on 
or below the line as it cannot be greater than that of the target com-
pound. For the skyline plot, the most similar analogues would show no 
differences, i.e. a flat skyline. 

In Fig. 9 the selected analogues can be ordered either by the focussed 
similarity (A) or by the combined value of all the selected properties (B). 
In (B) the mass, calculated solubility values and calculated clearance 
values cause different analogues to rank higher than those with greater 
focussed similarity. Therefore, if it were believed that these properties 
were significant factors in the toxicity then the user might be inclined to 
consider the candidate analogues more or less suitable on this basis. The 
depiction of the similarity of the properties might be considered overly 
simple because there is no account taken of the error of the calculated 
properties: indeed the 95 % confidence interval for the clearance model 
calculations suggest that the values for some of the analogues are the 
same as that for the target. Furthermore, there is no weighting of the 
difference in value between the analogue and target for the different 
properties. Nevertheless, the display of properties in this way gives the 
user an indication of wider similarity considerations. 

The charts in Fig. 9 show comparison of each analogue with the 
target; the prototype application also provides the user with charts that 
show comparisons for several compounds at once. 

Fig. 7. Comparison of the target and one of the highest ranked candidates showing the predicted sites of metabolism on both molecules.  

Fig. 8. Extract from the prototype application summary table for the analysis of N-nitroso varenicline.  
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In Fig. 10, properties of some of the potential analogues are shown on 
a radar plot. Each axis represents one of the properties used to consider 
the appropriateness of the analogue and each of the selected analogues is 
represented on the plot by, in this case, a pentagon. In contrast to Fig. 9 
the colours in Fig. 10 represent different analogues. Commonly, radar 
plots are created so that the shorter distance along each axis represents 
similarity, i.e. the item closest to the centre of the chart is the most 
similar to the reference, but in the case of Fig. 10 this is reversed so that 
the larger the shape, the more similar is the analogue to the target; this is 
a setting that the user can toggle, but the ‘longer distance is more 
similar’ configuration stops very similar analogues disappearing into a 
single point. 

In Fig. 11, a selection of analogues and the similarity of their prop-
erties to that of the target are shown in a heat map, with blue 

representing values higher than the target and red representing values 
lower than the target; note that the focussed similarity will always be red 
or white as it cannot be greater than that of the target compound. Thus 
the display in Fig. 11 has the advantages of the skyline plot in Fig. 9 of 
allowing the user to see the direction of differences in the properties of 
analogues and target. 

The charts in Fig. 9 – Fig. 11 are designed to complement each other 
and it is not expected that the user will use only one when selecting an 
appropriate analogue or set of analogues. 

3.2.1.1. Conclusion for N-nitroso varenicline. Most of the candidate 
analogue compounds for N-nitroso varenicline are Ames positive and 
there are also data from rodent carcinogenicity studies for some of the 
analogues considered less similar. For the most similar compound, 3,5- 

Fig. 9. Stacked bar chart, coxcomb plot and skyline plots showing focussed similarity and physico-chemical and biochemical measures for assessing the appro-
priateness of candidate analogues of N-nitroso varenicline. In (A) the analogues have been ranked by focussed similarity whereas in (B) they are ranked by taking into 
account all the displayed properties. In each of (A) and (B) the stacked bar char is on the left; the coxcomb plot is in the middle and the skyline plot is on the right. The 
selected properties and their colour coding is shown in the legend at the top of each of (A) and (B). 

Fig. 10. Radar plot of selected potential analogues and their properties relative to the target compound. Longer distances represent increased similarity.  
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dimethyl, N-nitroso piperidine, Vitic has records for both this compound 
and its stereospecific cis- and trans- isomers which are shown to be Ames 
positive in strain TA1535 with rat S9 extract [76]. From this the user 
would probably conclude that the target compound will be Ames posi-
tive and carcinogenic. 

The closest structural analogues support assigning the target a me-
dium potency because they do not belong to a category related to low or 
high potency. This is comparable to recent regulatory guidance updates, 
where it has been assigned to CPCA category 3 and assigned an 
acceptable intake of 400 ng/day [77,78]. 

3.2.2. Example 2: N-nitroso valsartan 
N-nitroso valsartan is an impurity that has been found in the 

angiotensin II receptor blocker valsartan [79]; the structures of these 
compounds are shown in Fig. 12. In the N-nitrosamine compound a N- 
nitroso group replaces an oxopentyl group. N-Nitroso valsartan has been 
found to be Ames negative [80] and an estimation of its toxicity using 
Derek and Sarah has been published [81]. 

Using the prototype application, firstly the data recorded for N- 
nitroso valsartan that are in Vitic can be examined; the data consist of 
negative results in five strains (S. Typhimurium TA98, TA100, TA 1535 
and TA1537 and E. coli WP2 uva) both with and without S9 activation. 
This would probably be sufficient to allow the user to come to a 
conclusion without further investigation that the target is potentially not 
a mutagen and not a carcinogen via this mechanism. However, for the 
purpose of demonstration, and confirmation that the negative Ames 
results fit with similar compounds, a read-across was performed using 
the prototype application. 

The nitrosamine group in N-nitroso valsartan is identified from the 
match on the Derek Nexus alert 070, relating nitro and nitroso com-
pounds to carcinogenicity. N-Nitroso valsartan is found to be contained 
in seven different categories, viz. Has an alpha CH2; Has i-propyl; 
Acyclic; Benzylic; generic nitrosamine; Has a carboxylic acid; Has a beta 
methyl. Being in seven categories highlights one of the main drawbacks 
of the Venn diagram: only five categories can be displayed at any one 
time. Venn diagrams with more than five categories do exist but are not 
implemented in the prototype application. 

A different view of the data is available within the prototype appli-
cation, namely the UpSet plot which for the categories containing N- 
nitroso valsartan is shown in Fig. 13. 

In Fig. 13, each category that N-nitroso valsartan falls into is listed in 
the lower part of the left-hand pane, shown as (A) in the Figure, with the 
number of possible analogues in the database belonging to that category 
displayed as a bar chart to the left. For example, there are 338 com-
pounds in the database that fall into the has an alpha CH2 (Has_a_CH2) 
category, whilst only fifteen fall into the has a beta methyl (Has_b_-
methyl) category. The right-hand side of the plot, (B) in the Figure, 
shows the different combinations of the categories which contain one or 
more possible analogues, identified by the combinations of circles. 
Above each combination is the number of analogues in the database 
which fall into that combination of categories, shown as a bar chart (C). 
There are five compounds falling into three different combinations of 
categories indicated by (D) ; the five compounds are shown in Fig. 14. 
The UpSet plot in Fig. 13 contains, in the top of the left-hand pane, (E) an 
aide memoir of the potency ranges for each category, which also acts as a 
legend indicating the meaning of the colour of the category text in (A) 
and circles in (B). 

Fig. 13 also shows the potency of each category by the colour of the 
category text in (A), and of each combination of categories by the colour 
of the circles identifying the combination in (B). For example, the 
combination of all categories, in (D), which contains only the target 
compound, is comprised of categories listed in both the low and high 
potency entries in Table 1;therefore this combination of categories is 
considered as being of medium potency though needing expert assess-
ment.In contrast, the combination of categories in (D) that contains 
three compounds is comprised of two categories in Table 1 – carboxylic 
acid and has an iso propyl (Has_i_propyl) – considered to be potency 
lowering and so is considered to be of lower potency. Note the three 
compounds in this category combination may belong to categories 
which are not relevant to N-nitroso varenicline though are in Table 1 
and so it is not true to say that all (or any) of the three compounds are 
considered low potency. 

The detoxifying effect of the carboxylic acid group in mutagens and 
carcinogens is well known [82], and the carboxylic acid category 

Fig. 11. Heat map representation of similarities of properties of selected analogues relative to the target compound. Red represents values lower than the target and 
blue represents values higher than the target. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 

Fig. 12. Structures of valsartan (left) and N-nitroso valsartan (right).  
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definition allows the carboxylic acid to be anywhere in the molecule, 
however the user might wish to limit this. The prototype application 
allows the user to define their own categories by selecting a substructure 
in the target molecule. This is clearly advantageous in situations other 
than N-nitrosamines where categories are not defined. In Fig. 15 the user 
has selected the nitrosamine group and the carboxylic acid group of N- 
nitroso valsartan to define a category named beta Carboxylic acid. The 
prototype application allows the user to add restrictions to the selected 
atoms using the pattern language developed by Lhasa; for example in 
Fig. 15 the carboxylic acid oxygen has a hydrogen count restriction to 
ensure the category does not include carboxylic esters or peroxides etc. 

User defined categories can be used alongside pre-existing cate-
gories, for example in the Venn diagram in Fig. 16 the user has selected 
their own category, beta Carboxylic acid and the pre-existing category of 

acyclic nitrosamines. The user may consider that the twelve compounds 
in the overlap of these categories represent better potential analogues 
than those chosen from overlaps of pre-existing categories alone. 

The four compounds shown in Fig. 14 which are not the target are 
taken forward for further analysis, the first step of which is that they are 
ordered by focussed similarity. The focus of the similarity is the atoms 
and bonds that are defined by the toxicophore identified by Derek Nexus 
alert 070 and the similarity is calculated on the fully hydrogen- 
expressed structure; in this case a distance of six bonds gives the most 
informative separation of the different potential analogues and the 
substructure for the focussed similarity is shown in Fig. 17. 

With these settings the four candidate analogues are ranked as shown 
in Fig. 18, which again shows areas of similarity between the target and 
the analogue coloured green for similar and red for dissimilar. 

Fig. 13. UpSet plot of category combinations and populations for categories which contain N-nitroso valsartan. (A) List of categories in which the target compound 
falls along with a bar chart of number of possible analogues in each category. (B) Different combinations of categories. A circle indicates the inclusion of a category in 
the combination represented by each column. The colour of the text in (A) and the circles in (B) indicate the potency associated with the categories or their 
combinations. (C) Bar chart of the number of possible analogues in each combination of categories. (D) The combinations of categories, containing five compounds in 
total, which are explored in the text. (E) Key to the potencies of each colour of category combinations in (B). 

Fig. 14. Five compounds selected from the UpSet plot of combinations of categories containing N-nitroso valsartan.  
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Data for selected analogues can be investigated as shown in Fig. 19 
with the same colour coding of the guideline compliance for the Ames 
data that was seen in Fig. 8. Note that in Fig. 19 three of the candidate 
analogues have reported negative Ames results in S. Typhimurium strain 
TA1538 which is not considered standard by the guidance. 

The results of the investigation are summarised in table form 
alongside relevant toxicity data for the candidate analogues as shown in 
Fig. 20 and in a more visual form in Fig. 21. As can be seen in Fig. 20, all 
the candidate analogues are negative in the Ames test and on this basis, 
we would conclude that negative Ames results for N-nitroso valsartan 
are not anomalous and therefore it is also potentially not carcinogenic. 
The relevance of Ames data for predicting lack of carcinogenic activity 
in nitrosamines in general [83], and in sartans in particular, has been 
demonstrated [84]. 

When the process leads the user to come to a conclusion of no 
concern, as in this case, it is nevertheless important to consider factors 
such as the clearance of the target and how that is related to clearance of 

the analogue compounds. The large blue segments of the stacked bar 
chart and coxcomb diagram in Fig. 21 indicate that the predicted 
clearances of the analogues are similar to the predicted value of the 
target compound and thus remain suitable candidates for read-across to 
this target. In Fig. 21 an additional calculated property – topological 
polar surface area, one of many calculated properties available to the 
user – has been included; its variation over the possible analogues 
contrasts with that of log P and solubility. The figure shows how perfect 
correlation appears in the bar chart, coxcomb and skyline plot because 
N-nitroso valsartan is included in the set of compounds under consid-
eration. The Figure also shows how the candidate analogue considered 
third most similar by focussed similarity is considered most similar 
overall when the physico-chemical and clearance parameters are taken 
into account. 

3.2.2.1. Conclusion for N-nitroso valsartan. Even though there are data 
for the target compound itself, i.e. that it is Ames negative, it is 

Fig. 15. User-defined category for beta carboxylic acids with atoms selected from the target compound highlighted in blue. The category name is entered at A. B 
shows the Explora pattern restriction on the oxygen, yellow highlighted in the structure, to ensure the category covers only acids and not esters etc. (For inter-
pretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 16. Venn diagram of compounds contained in a user-defined category (beta Carboxylic acid) and pre-existing category (Acyclic). The overlap of these categories 
contains twelve compounds which are shown on the right. 
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instructive for the user to consider that there are many features related 
to the N-nitrosamine which makes it covered by seven different cate-
gories. This in turn places the target compound as needing expert re-
view. All the closest analogues considered in the example are also Ames 
negative, but it is legitimate to consider if the potential analogues are 
close enough to the target to be persuasive: that N-nitroso valsartan falls 
into so many different categories is an indication of the complexity of its 
structure in relation to N-nitrosamine toxicity. In comparison, the CPCA 

algorithm classifies N-nitroso valsartan as category 4 with an AI of 1500 
ng/day [68]. 

3.3. Validation 

It is difficult to have a definitive approach to validating a read-across 
workflow as the process is expert driven with many decisions that are 
made having a certain subjectivity to them [33]. However, in order to 
investigate how much information may be derived algorithmically, 
rather than with expert input, from the different similarity approaches 
encoded in the prototype application we considered two aspects: (i) the 
use of read-across to make a correct call on the activity (positive or 
negative) of a N-nitrosamine and (ii) the use of read-across to estimate 
the potency, expressed as TD50, of those nitrosamines where a TD50 was 
known. 

It is worth re-emphasising that this validation study, being algo-
rithmic, is expected to come to less convincing and less reliable con-
clusions than would a human expert using the prototype application 
manually. The case of N-nitroso valsartan described above is a clear 
example of this where a human user would select analogues within the 
carboxylic acid category; the algorithmic approach described here does 
not discriminate between the categories in this way. A more sophisti-
cated algorithmic approach than the one employed here, and which 
might better reflect the assumptions and knowledge of an expert user, 
could use the predictivity of each of the categories – i.e. how well a 
category is related to either positive or negative classification – and 
weight likelihood of correctness accordingly. 

Fig. 17. Toxicophore highlighted on the fully hydrogen-expressed structure of 
N-nitroso valsartan. 

Fig. 18. Areas of similarity and focussed similarity score of four candidate analogues of N-nitroso valsartan.  
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3.4. Activity call 

We took a set of 494 nitrosamines with data relevant to the carci-
nogenicity endpoint (418 positives and 76 negatives) and used three 
methods to make a call as to their activity. Firstly, taking the analogues 

which were in different numbers of categories shared with the target; 
secondly taking the most similar compound(s) by focussed similarity 
and thirdly combining these approaches by taking the potential ana-
logues with the most categories in common with the target and ranking 
them by the focussed similarity. This last method is most close to the 

Fig. 19. Data retrieved from Vitic for N-nitroso valsartan and some potential analogues showing the suggested compliance with guidelines for regulatory acceptance.  

Fig. 20. Tabulated results for N-nitroso valsartan and candidate analogues.  
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workflow described in the examples earlier in the paper. The three 
methods were applied to each of the compounds in the dataset in a leave- 
one-out cross validation approach. 

With such a biased dataset, a positive call at random would very 
likely be correct and so the challenge is to see how well the negative 
compounds can be identified (the true negative rate or specificity). To 
see if the algorithmic approaches were correctly classifying the members 
of the dataset in a way that was better than a random call, the results 
were compared to the distribution of correct predictions made by the 
same method but using a y-randomised dataset – that is a dataset in 

which the positive or negative labels were randomised – thus producing 
a dataset with the same positive and negative occurrence rate. The 
randomisation of the data was run 10 times and the true positive rate 
and true negative rate was recorded for each run. 

The correctness of prediction, as measured by the true positive rate 
and the true negative rate, was correlated with the number of categories 
that each compound appeared in. This was considered in two ways: (i) 
the absolute number of categories that potential analogues shared with 
the target compound, Fig. 22 and (ii) the number relative to the highest 
number of categories that any potential analogue shared with the target 

Fig. 21. Graphical summary of similarities N-nitroso valsartan and four analogues.  

Fig. 22. Percentage correct classification of activity of a set of 494 nitrosamines relative to the number of categories analogues share with the target.  
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Fig. 23. 
Both Fig. 22 and Fig. 23 show the variation of true positive rate and 

true negative rate varying with the number of categories that an 
analogue has in common with the target. The y-randomised data are 
shown in box plots in the same figure, as distributions of true positive 
and true negative rates. The two figures also include the rates of 
occurrence of positive and negative activity in the dataset along with the 
correct prediction rate of Derek Nexus for purposes of comparison. 

As can be seen, in both cases the true positive rate is fairly inde-
pendent of the number of categories that a potential analogue has in 
common with the target compound and is generally close to the occur-
rence ratio in the dataset (and somewhat less than that of the Derek 
Nexus predictions). From this we conclude that the algorithmic 
approach adds nothing when identifying positive N-nitrosamines. 
However, the true negative rate shows increasing correctness with 
increasing numbers of categories in common between the candidate 
analogues and the target. A smoother relationship appears when the 
number of categories in common between the analogue and the target 
are adjusted relative to the highest number for each target (Fig. 23). 

In considering the usefulness of the classification of activity, as was 
mentioned earlier, it is probably more important to identify negatives 
among the many positives. Thus, in Fig. 23, correctly detecting about 40 
% of the negatives represents a significant improvement but note that 
this is only achieved where analogues share a large number of over-
lapping categories with the target. Where potential analogues and the 
target share fewer categories, the algorithmic approach performs little 
better than random. 

The second attempt to understand the value on the underlying data, 
namely using the focussed similarity, took the same dataset and again 
used a leave-one-out cross validation compared to a set of y-randomised 
cross validation runs. In this approach, the distance from the focus of 
similarity was measured incrementally until only one compound had the 
highest focussed similarity. A maximum of ten atoms distance was used. 
If no single compound were identified as having the uniquely best 
similarity to the target, then all the compounds having the highest 
similarity at the end of the process were considered equally similar to 
the target. The call of positive or negative was made on this activity of 
the single most similar compound (or an average of them where no 
single most similar compound could be identified). The useful true 

negative rate by this technique was poorer than that of the technique 
using the number of categories that the analogues had in common with 
the target, as shown in Fig. 24. 

A third experiment combined these two approaches by taking the set 
of compounds with the highest number of categories in common with 
the target and using the focussed similarity to identify a most similar 
compound. The call of positive or negative was, as with the previous 
experiment, made on the activity of the single most similar compound. 
This produced a better true negative rate than using the focussed simi-
larity alone, but not quite as good as using only the number of categories 
in common between the analogues and the target, again as shown in 
Fig. 24. 

The dataset used for the above experiments contained a significant 
number of compounds whose activity call was based only on the Ames 
result. A dataset was therefore also constructed as a subset of the one 
used above in which those compounds which only had Ames data were 
excluded. This produced a set of 250 compounds (201 positive and 49 
negative) in which the same experiments as above were run. Fairly 
similar results were obtained from these experiments. Fig. 25 to Fig. 27 
show the results of these experiments. As can be seen, the clearer trend 
in relating number of overlapping categories to, in particular, true 
negative rate occurs when the number of categories is sorted relative to 
the highest rather than when the absolute number of categories is used. 
The results of the classification based on highest number of categories in 
common is very similar for this subset (40 % true negative rate, 86 % 
true positive rate) despite the slightly higher negative occurrence ratio 
in the set. 

We can conclude from this study that the information about N-ni-
trosamines being considered negative is held more in the categories than 
in the focussed similarity, whereas the reverse is true for compounds 
considered positive. We can explain the success of the number of cate-
gories in common between the analogues and the target at predicting 
true negative rate over that of the focussed similarity methods because 
categories describing the presence of deactivating groups such as car-
boxylic acid will be considered together, whereas for focussed similarity 
metrics the deactivating carboxylic acid will be at different distances 
from the nitrosamine group and thus will only be considered if they are 
in an analogue that has the carboxylic acid at the same distance from the 
nitrosamine in the target. 

Fig. 23. Percentage correct classification of activity of a set of 494 nitrosamines relative to the relative number of categories analogues share with the target.  
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3.5. Estimation of potency 

The estimation of potency used the same three techniques for iden-
tifying analogues as described above, viz. number of categories in 
common between the analogue and the target. However, for this 
experiment, only N-nitrosamines with known TD50 values were used. 
This was a much smaller set of only 48 N-nitrosamines, which all appear 
in the LCDB. All the compounds had at least one recorded value of both 

the Lhasa TD50 and the Gold TD50 and for the experiment we used both 
measures though never combined them. Where there was more than one 
value recorded of either Lhasa TD50 or Gold TD50 – a situation that arises 
when separate TD50s are recorded for different species and/or sexes – a 
mean value was taken; the data therefore represent a generic mamma-
lian value for Lhasa TD50 or Gold TD50 rather than anything more 
specific. 

With so few compounds, the results suffer from thirty compounds 

Fig. 24. Comparison of true positive rate and true negative rate for three different methods of selecting analogues.  

Fig. 25. Percentage correct classification of activity of a set of 250 nitrosamines with data other than Ames relative to the number of categories analogues share with 
the target. 
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falling into fifteen pairs where each finds the other the most similar and 
thus the error in the predicted TD50 is replicated in these pairs. The 
measure of error in the estimation was mean relative error (MRE) where 
the relative error is defined in Eq. (1). This is a good measure because it 
gives greater values for errors on small values (i.e. the more toxic 
compounds); a difference of 1 mg/kg/day makes little difference if the 
true TD50 is 100, but a huge difference if it is 0.01! 

Relativeerror =

⃒
⃒
⃒
⃒
Calculatedvalue − Expectedvalue

Expectedvalue

⃒
⃒
⃒
⃒ (1)  

This penalising of errors on small observed values illustrates a limitation 
of the read-across approach for estimation of potency, namely that when 
doing a read-across from a member of a set of compounds there is a de 
facto applicability domain and that compounds whose value, TD50 in 
this case, lies outside the range of values contained in the set cannot 
effectively be estimated by read-across. This is particularly the case 
where the target compound is more toxic than any other member of the 
set. In our leave-one-out cross validation experiments this situation 
pertains when it is the most potent member of the set that becomes the 
target compound. 

Fig. 26. Percentage correct classification of activity of a set of 250 nitrosamines with data other than Ames relative to the relative number of categories analogues 
share with the target. 

Fig. 27. Comparison of true positive rate and true negative rate for three different methods of selecting analogues for a set of 250 nitrosamines with data other 
than Ames. 
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Fig. 28 shows the distribution of Lhasa TD50 and Gold TD50 values for 
the dataset; the values are shown on a log scale for ease of viewing, log 
values were not used in the validation experiments. As can be seen, there 
is one compound for which the Lhasa TD50 is more than an order of 
magnitude smaller than the rest of the values in the set. This compound, 
methyl, 2-oxo-1-propyl nitrosamine has several of the potency 
increasing features identified by Cross and Ponting [25]. Manifestly, if 
either an expert or an algorithm were to choose analogues for this 
compound from the set that is available, the relative error will be very 
large. For this reason, this compound was considered outside the 
applicability domain for the read-across experiment. 

As with the experiments to investigate activity call, the MRE value 
was compared to a set of experiments in which the observed values were 
randomised over the dataset. The number of y-randomised experiments 
in this section was increased to 100 to take into account the smaller 
dataset size. 

The most successful experiment used only the number of overlapping 
categories to select an analogue and the results are shown in Fig. 29 
where it can be seen that the MREs in the estimated TD50 values fall 
below, or towards the lower end of, the range of those calculated at 
random. As might be expected, the increasing number of overlapping 
categories that an analogue has with the target generally leads to a 
better estimation of the TD50 and these are around 1 – 2 orders of 
magnitude where the number of categories is greater than three. 

Of course, in all these validation experiments, the algorithmic 
approach will underperform that of a human expert examining the same 
data. But the results do suggest that the number of categories in common 
between analogue and target contains a lot of information about 
selecting an analogue for both negative activity and potency of N- 
nitrosamines. 

4. Discussion 

Selecting a read-across analogue is very often a process in which 
expert knowledge, judgement as well as some subjectivity are used. 
However, the factors relevant to making a read-across call can be 
identified and agreed on, even if their relative weight in the decision- 
making process is not agreed. In the case of N-nitrosamines, the 

pressing need is to make a call on whether or not the compound is 
carcinogenic and, if so, what its likely potency is. The carcinogenic/non- 
carcinogenic call is easier to make than the potency. The precision of the 
potency call – either reading across a point value or assigning the target 
compound to a range of potencies – is necessarily difficult given the lack 
of data. Having a software tool that supports gathering all the necessary 
data and thus keeping the workflow consistent as far as possible helps 
the user make consistent decisions. It is also important to be able to 
acknowledge where there is insufficient data or where a suitable 
analogue cannot be identified. 

The workflow described above and its validation, in terms of the 
contribution of different ways of considering similarity, can be sup-
ported through implementation into user-friendly software. One aspect 
of the validation worthy of further consideration is the relative success 
of the categories in providing information about both the activity and 
potency of the nitrosamines studied, relative to the focussed similarity. 
It is valuable to add a little more detail to the discussion by considering 
the TD50s dataset. The sets of both Lhasa TD50 and Gold TD50 values 
have very skewed ranges with most of the data points being closely 
clustered, as shown in Fig. 30; this makes the y-randomised values 
relatively successful at estimating each other. Nevertheless, the algo-
rithmic read-across based on the number of categories that the analogue 
and target have in common consistently does better. 

Ideally, the dataset would be large enough to validate how 
frequently the observed value for the target TD50 fits within the range of 
the analogues selected, in particular within the range specified by 
particular quantiles. However, the dataset is too small and too biased to 
make such an analysis informative. Nevertheless, the success of the 
using the number of categories as an estimator of the activity and po-
tency of a N-nitrosamine can be rationalised. The set of forty-five N- 
nitrosamine categories can be considered to be the elements of a very 
expertly curated binary fingerprint, with forty-five bits. Analysis of the 
494 N-nitrosamines used in the dataset suggests that the fingerprint is 
relatively sparsely populated with a distribution of cardinality as shown 
in Fig. 31, which also shows the cardinality of the pairwise intersection 
of category fingerprints for these compounds. 

The validation exercise shows that overlap of the different categories 
provides a very effective means of identifying both N-nitrosamines 

Fig. 28. Box plot showing the distribution of Lhasa TD50 and Gold TD50 values in the dataset used for the validation studies.  
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considered not to be potentially carcinogenic and estimating the potency 
of those which are potentially carcinogenic. As was mentioned above, 
the identification of N-nitrosamines as negative carcinogens due to the 
presence of the carboxylic acid group is not very dependent on the po-
sition of the carboxylic acid relative to the N-nitrosamine and thus the 
category fingerprint deals better with this situation than does the 
focussed similarity. Furthermore, that the categories are derived by 
human experts means that they will capture the most important factors 
in influencing both activity and potency – thus a relatively small number 
of factors outperform the focussed similarity fingerprint consisting of 
many structural descriptors which may not be relevant to N-nitrosamine 
toxicity. 

5. Conclusions 

The use of the prototype application has demonstrated how software 
support for read-across can help the user consider all the different as-
pects of selecting a category or analogue in the analysis. 

In the context of N-nitrosamines the use of expert-defined categories, 
and their consideration as part of the assessment helps the user by 
focussing on known factors in the making the assessment. Furthermore, 
using a defined toxicophore to focus a calculated similarity can produce 
potential analogues with a different emphasis. The use of the two 
techniques illustrates how the user may want to consider different as-
pects of the target molecule which are hard to capture a priori. 

Inclusion of physicochemical and/or pharmacokinetic properties of 
the target compound presents yet another dimension to the selection of 
analogues, as does consideration of the metabolic degradation of the 
target in comparison to both potential analogues and other structurally 
related compounds (e.g. parent amines of nitrosamines). 

Finally, the prototype application illustrates how the all-important 
data for analogues can be assessed in the context of all the factors 
above. The multiplicity of different factors that someone making a read- 
across assessment has to take into consideration emphasises how a 
software tool that supports these factors as part of a well-defined, though 
user-controlled, process can make the read-across analysis more 

Fig. 29. Box plot of mean relative error of Lhasa TD50 and Gold TD50 estimation using varying number of overlapping categories compared to the distributions of 
same measures from a set of y-randomised experiments. 

Fig. 30. Histogram of Lhasa TD50 and Gold TD50 values for a set of 48 N-nitrosamines and, inset, the lower value end of the range in detail.  
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consistent, better informed and more scientifically rigorous. Many of the 
features of the prototype software tool presented and discussed in this 
paper will be available in Acrostic, a forthcoming read-across tool by 
Lhasa Limited. Acrostic will support use cases such as N-nitrosamine 
read-across to enable users to consider all important data, predictions 
and knowledge when evaluating potential analogues. 
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C. Chesné, M.T.D. Cronin, J. de Knecht, D.R. Dietrich, S.E. Escher, S. Fitzpatrick, 
B. Flannery, M. Herzler, S.H. Bennekou, B. Hubesch, H. Kamp, J. Kisitu, 
N. Kleinstreuer, S. Kovarich, M. Leist, A. Maertens, K. Nugent, G. Pallocca, 
M. Pastor, G. Patlewicz, M. Pavan, O. Presgrave, L. Smirnova, M. Schwarz, 
T. Yamada, T. Hartung, Internationalization of read-across as a validated new 
approach method (NAM) for regulatory toxicology, ALTEX – Altern. Anim. Exper. 
37 (2020) 579–606, https://doi.org/10.14573/ALTEX.1912181. 

[16] G. Helman, I. Shah, G. Patlewicz, Extending the Generalised Read-Across approach 
(GenRA): A systematic analysis of the impact of physicochemical property 
information on read-across performance, Comput. Toxicol. 8 (2018) 34–50, 
https://doi.org/10.1016/J.COMTOX.2018.07.001. 

[17] H. Zhu, M. Bouhifd, E. Donley, L. Egnash, N. Kleinstreuer, E.D. Kroese, Z. Liu, 
T. Luechtefeld, J. Palmer, D. Pamies, J. Shen, V. Strauss, S. Wu, T. Hartung, 
Supporting read-across using biological data, ALTEX – Altern. Anim. Exper. 33 
(2016) 167–182, https://doi.org/10.14573/ALTEX.1601252. 

[18] K. Blackburn, D. Bjerke, G. Daston, S. Felter, C. Mahony, J. Naciff, S. Robison, 
S. Wu, Case studies to test: A framework for using structural, reactivity, metabolic 
and physicochemical similarity to evaluate the suitability of analogs for SAR-based 
toxicological assessments, Regul. Toxicol. Pharm. 60 (2011) 120–135, https://doi. 
org/10.1016/J.YRTPH.2011.03.002. 

[19] C.L. Mellor, R.L. Marchese Robinson, R. Benigni, D. Ebbrell, S.J. Enoch, J. 
W. Firman, J.C. Madden, G. Pawar, C. Yang, M.T.D. Cronin, Molecular fingerprint- 
derived similarity measures for toxicological read-across: Recommendations for 
optimal use, Regul. Toxicol. Pharm. 101 (2019) 121–134, https://doi.org/ 
10.1016/J.YRTPH.2018.11.002. 

[20] X. Zhang, S.P. Felter, A.M. Api, K. Joshi, D. Selechnik, A Cautionary tale for using 
read-across for cancer hazard classification: Case study of isoeugenol and methyl 
eugenol, Regul. Toxicol. Pharm. 136 (2022) 105280, https://doi.org/10.1016/J. 
YRTPH.2022.105280. 

[21] A. Banerjee, M. Chatterjee, P. De, K. Roy, Quantitative predictions from chemical 
read-across and their confidence measures, Chemom. Intel. Lab. Syst. 227 (2022) 
104613, https://doi.org/10.1016/J.CHEMOLAB.2022.104613. 

[22] A. Worth, G. Tier, JRC Publications Repository - A Compendium of Case Studies 
that Helped to Shape the REACH Guidance on Chemical Categories and Read 
Across, JRC Publications Repository (2007). https://publications.jrc.ec.europa. 
eu/repository/handle/JRC37212 (accessed September 13, 2022). 

[23] G. Patlewicz, N. Ball, E.D. Booth, E. Hulzebos, E. Zvinavashe, C. Hennes, Use of 
category approaches, read-across and (Q)SAR: General considerations, Regul. 
Toxicol. Pharm. 67 (2013) 1–12, https://doi.org/10.1016/J.YRTPH.2013.06.002. 

[24] T. Yamada, T. Kawamura, S. Tsujii, M. Miura, H. Ohata, N. Katsutani, 
M. Matsumoto, A. Hirose, Formation and evaluation of mechanism-based chemical 
categories for regulatory read-across assessment of repeated-dose toxicity: A case 
of hemolytic anemia, Regul. Toxicol. Pharm. 136 (2022) 105275, https://doi.org/ 
10.1016/J.YRTPH.2022.105275. 

[25] K.P. Cross, D.J. Ponting, Developing structure-activity relationships for N- 
nitrosamine activity, Comput. Toxicol. 20 (2021) 100186, https://doi.org/ 
10.1016/J.COMTOX.2021.100186. 

[26] H.P. Gelbke, R. Ellis-Hutchings, H. Müllerschön, S. Murphy, M. Pemberton, 
Toxicological assessment of lower alkyl methacrylate esters by a category 
approach, Regul. Toxicol. Pharm. 92 (2018) 104–127, https://doi.org/10.1016/J. 
YRTPH.2017.11.013. 

[27] G. Helman, I. Shah, A.J. Williams, J. Edwards, J. Dunne, G. Patlewicz, Generalized 
Read-Across (GenRA): A workflow implemented into the EPA CompTox Chemicals 
Dashboard, ALTEX 36 (2019) 462–465, https://doi.org/10.14573/ 
ALTEX.1811292. 

[28] G. Gini, A.M. Franchi, A. Manganaro, A. Golbamaki, E. Benfenati, ToxRead: A tool 
to assist in read across and its use to assess mutagenicity of chemicals, 25 (2014) 
999–1011. https://doi.org/10.1080/1062936X.2014.976267. 

[29] S. Kutsarova, T.W. Schultz, A. Chapkanov, D. Cherkezova, A. Mehmed, S. Stoeva, 
C. Kuseva, D. Yordanova, M. Georgiev, T. Petkov, O.G. Mekenyan, The QSAR 
Toolbox automated read-across workflow for predicting acute oral toxicity: II. 
Verification and Validation, Comput. Toxicol. 20 (2021) 100194, https://doi.org/ 
10.1016/J.COMTOX.2021.100194. 

[30] S. Kutsarova, A. Mehmed, D. Cherkezova, S. Stoeva, M. Georgiev, T. Petkov, 
A. Chapkanov, T.W. Schultz, O.G. Mekenyan, Automated read-across workflow for 
predicting acute oral toxicity: I. The Decision Scheme in the QSAR Toolbox, Regul. 

Toxicol. Pharmacol. 125 (2021) 105015, https://doi.org/10.1016/J. 
YRTPH.2021.105015. 

[31] A.Y. Caballero Alfonso, C. Chayawan, D. Gadaleta, A. Roncaglioni, E. Benfenati, 
A KNIME workflow to assist the analogue identification for read-across, applied to 
aromatase activity, Molecules 28 (2023) 1832, https://doi.org/10.3390/ 
MOLECULES28041832/S1. 

[32] H. Moustakas, M.S. Date, M. Kumar, T.W. Schultz, D.C. Liebler, T.M. Penning, D. 
T. Salvito, A.M. Api, An end point-specific framework for read-across analog 
selection for human health effects, Chem. Res. Toxicol. 35 (2022) 2324–2334, 
https://doi.org/10.1021/ACS.CHEMRESTOX.2C00286/ASSET/IMAGES/LARGE/ 
TX2C00286_0007.JPEG. 

[33] C. Lester, E.L. Byrd, M. Shobair, G. Yan, Quantifying analogue suitability for SAR- 
based read-across toxicological assessment, Chem Res Toxicol 36 (2023) 230–242, 
https://doi.org/10.1021/ACS.CHEMRESTOX.2C00311/SUPPL_FILE/TX2C00311_ 
SI_002.XLS. 

[34] QSAR Flex, (n.d.). https://www.multicase.com/qsar-flex (accessed November 26, 
2022). 

[35] Instem Unveils New Additions to its Leading Computational Toxicology Software 
Suite, (n.d.). https://www.instem.com/news/articles/0211-new-additions-to-co 
mputational-toxicology-software-suite.php (accessed November 12, 2022). 

[36] EMA reviewing medicines containing valsartan from Zhejiang Huahai following 
detection of an impurity: some valsartan medicines being recalled across the EU | 
European Medicines Agency, (n.d.). https://www.ema.europa.eu/en/news/ema-re 
viewing-medicines-containing-valsartan-zhejiang-huahai-following-detection-im 
purity-some (accessed November 26, 2022). 

[37] Pfizer Expands Voluntary Nationwide Recall to include All Lots of CHANTIX® 
(Varenicline) Tablets Due to N-Nitroso Varenicline Content | FDA, (n.d.). 
https://www.fda.gov/safety/recalls-market-with 
drawals-safety-alerts/pfizer-expands-voluntary-nationwide-recall-in 
clude-all-lots-chantixr-varenicline-tablets-due-n#recall-announcement (accessed 
November 26, 2022). 

[38] J.E. Doe, A.R. Boobis, V. Dellarco, P.A. Fenner-Crisp, A. Moretto, T.P. Pastoor, R. 
S. Schoeny, J.G. Seed, D.C. Wolf, Chemical carcinogenicity revisited 2: Current 
knowledge of carcinogenesis shows that categorization as a carcinogen or non- 
carcinogen is not scientifically credible, Regul. Toxicol. Pharm. 103 (2019) 
124–129, https://doi.org/10.1016/J.YRTPH.2019.01.024. 

[39] European Medicines Agency, Assessment report. Procedure under Article 5(3) of 
Regulation EC (No) 726/2004. Nitrosamine impurities in human medicinal 
products, (n.d.). https://www.ema.europa.eu/en/documents/referral/nitrosa 
mines-emea-h-a53-1490-assessment-report_en.pdf (accessed January 10, 2024). 

[40] Lhasa Limited, Lhasa Carcinogenicity Database, (n.d.). https://www.lhasalimited. 
org/products/lhasa-carcinogenicity-database.htm (accessed August 24, 2022). 

[41] G.E. Johnson, K. Dobo, B. Gollapudi, J. Harvey, J. Kenny, M. Kenyon, A. Lynch, 
S. Minocherhomji, J. Nicolette, V. Thybaud, R. Wheeldon, A. Zeller, Permitted 
daily exposure limits for noteworthy N-nitrosamines, Environ. Mol. Mutagen 62 
(2021) 293–305, https://doi.org/10.1002/EM.22446. 

[42] A. Thresher, R. Foster, D.J. Ponting, S.A. Stalford, R.E. Tennant, R. Thomas, Are all 
nitrosamines concerning? A review of mutagenicity and carcinogenicity data, 
Regul. Toxicol. Pharm. 116 (2020) 104749, https://doi.org/10.1016/J. 
YRTPH.2020.104749. 

[43] C.E.M. dos Santos, D.J. Dorta, D.P. de Oliveira, Setting limits for N-nitrosamines in 
drugs: A defined approach based on read-across and structure-activity relationship 
for N-nitrosopiperazine impurities, Regul. Toxicol. Pharm. 136 (2022) 105288, 
https://doi.org/10.1016/J.YRTPH.2022.105288. 

[44] European Medicines Agency, European Medicines Regulatory Network approach 
for the implementation of the CHMP Opinion pursuant to Article 5(3) of Regulation 
(EC) No 726/2004 for nitrosamine impurities in human medicines, (n.d.). https 
://www.ema.europa.eu/en/documents/referral/european-medicines-regulatory- 
network-approach-implementation-chmp-opinion-pursuant-article-53-regulation-e 
c-no-726-2004-nitrosamine-impurities-human-medicines_en.pdf (accessed January 
10, 2024). 

[45] European Medicines Agency, Questions and answers for marketing authorisation 
holders/applicants on the CHMP Opinion for the Article 5(3) of Regulation (EC) No 
726/2004 referral on nitrosamine impurities in human medicinal products, (n.d.). 
https://www.ema.europa.eu/en/documents/referral/nitrosamines-emea-h-a53- 
1490-questions-answers-marketing-authorisation-holders/applicants-chmp-opini 
on-article-53-regulation-ec-no-726/2004-referral-nitrosamine-impurities-human- 
medicinal-products_en.pdf (accessed August 30, 2023). 

[46] Carcinogenicity Assessment | Lhasa Limited, (n.d.). https://www.lhasalimited. 
org/solutions/carcinogenicity-assessment/ (accessed November 13, 2023). 

[47] Nitrosamine Impurity Risk Assessment | Lhasa Limited, (n.d.). https://www.lhasa 
limited.org/solutions/nitrosamine-impurity-risk-assessment/ (accessed November 
13, 2023). 

[48] A. Thresher, J.P. Gosling, R. Williams, Generation of TD50 values for 
carcinogenicity study data, Toxicol. Res. (Camb.) 8 (2019) 696–703, https://doi. 
org/10.1039/C9TX00118B. 

[49] D.J. Ponting, E. Murray, A. Long, Quantifying confidence in the reporting of 
metabolic biotransformations, Drug Discov. Today 22 (2017) 970–975, https:// 
doi.org/10.1016/J.DRUDIS.2017.01.001. 

[50] T. Ball, C.G. Barber, A. Cayley, M.L. Chilton, R. Foster, A. Fowkes, C. Heghes, 
E. Hill, N. Hill, S. Kane, D.S. Macmillan, A. Myden, D. Newman, A. Polit, S. 
A. Stalford, J.D. Vessey, Beyond adverse outcome pathways: making toxicity 
predictions from event networks, SAR models, data and knowledge, Toxicol. Res. 
(Camb.) 10 (2021) 102–122, https://doi.org/10.1093/TOXRES/TFAA099. 

S. Kane et al.                                                                                                                                                                                                                                    

https://doi.org/10.1016/J.COMTOX.2018.04.002
https://doi.org/10.1016/J.COMTOX.2018.04.002
https://www.canada.ca/en/health-canada/services/chemical-substances/fact-sheets/analogues-read-across-risk-assessment.html
https://www.canada.ca/en/health-canada/services/chemical-substances/fact-sheets/analogues-read-across-risk-assessment.html
https://doi.org/10.14573/ALTEX.2010062
https://doi.org/10.1007/S00204-019-02591-7/TABLES/5
https://doi.org/10.14573/ALTEX.1912181
https://doi.org/10.1016/J.COMTOX.2018.07.001
https://doi.org/10.14573/ALTEX.1601252
https://doi.org/10.1016/J.YRTPH.2011.03.002
https://doi.org/10.1016/J.YRTPH.2011.03.002
https://doi.org/10.1016/J.YRTPH.2018.11.002
https://doi.org/10.1016/J.YRTPH.2018.11.002
https://doi.org/10.1016/J.YRTPH.2022.105280
https://doi.org/10.1016/J.YRTPH.2022.105280
https://doi.org/10.1016/J.CHEMOLAB.2022.104613
https://publications.jrc.ec.europa.eu/repository/handle/JRC37212
https://publications.jrc.ec.europa.eu/repository/handle/JRC37212
https://doi.org/10.1016/J.YRTPH.2013.06.002
https://doi.org/10.1016/J.YRTPH.2022.105275
https://doi.org/10.1016/J.YRTPH.2022.105275
https://doi.org/10.1016/J.COMTOX.2021.100186
https://doi.org/10.1016/J.COMTOX.2021.100186
https://doi.org/10.1016/J.YRTPH.2017.11.013
https://doi.org/10.1016/J.YRTPH.2017.11.013
https://doi.org/10.14573/ALTEX.1811292
https://doi.org/10.14573/ALTEX.1811292
https://doi.org/10.1016/J.COMTOX.2021.100194
https://doi.org/10.1016/J.COMTOX.2021.100194
https://doi.org/10.1016/J.YRTPH.2021.105015
https://doi.org/10.1016/J.YRTPH.2021.105015
https://doi.org/10.3390/MOLECULES28041832/S1
https://doi.org/10.3390/MOLECULES28041832/S1
https://doi.org/10.1021/ACS.CHEMRESTOX.2C00286/ASSET/IMAGES/LARGE/TX2C00286_0007.JPEG
https://doi.org/10.1021/ACS.CHEMRESTOX.2C00286/ASSET/IMAGES/LARGE/TX2C00286_0007.JPEG
https://doi.org/10.1021/ACS.CHEMRESTOX.2C00311/SUPPL_FILE/TX2C00311_SI_002.XLS
https://doi.org/10.1021/ACS.CHEMRESTOX.2C00311/SUPPL_FILE/TX2C00311_SI_002.XLS
https://www.multicase.com/qsar-flex
https://www.instem.com/news/articles/0211-new-additions-to-computational-toxicology-software-suite.php
https://www.instem.com/news/articles/0211-new-additions-to-computational-toxicology-software-suite.php
https://www.ema.europa.eu/en/news/ema-reviewing-medicines-containing-valsartan-zhejiang-huahai-following-detection-impurity-some
https://www.ema.europa.eu/en/news/ema-reviewing-medicines-containing-valsartan-zhejiang-huahai-following-detection-impurity-some
https://www.ema.europa.eu/en/news/ema-reviewing-medicines-containing-valsartan-zhejiang-huahai-following-detection-impurity-some
https://www.fda.gov/safety/recalls-market-withdrawals-safety-alerts/pfizer-expands-voluntary-nationwide-recall-include-all-lots-chantixr-varenicline-tablets-due-n%23recall-announcement
https://www.fda.gov/safety/recalls-market-withdrawals-safety-alerts/pfizer-expands-voluntary-nationwide-recall-include-all-lots-chantixr-varenicline-tablets-due-n%23recall-announcement
https://www.fda.gov/safety/recalls-market-withdrawals-safety-alerts/pfizer-expands-voluntary-nationwide-recall-include-all-lots-chantixr-varenicline-tablets-due-n%23recall-announcement
https://doi.org/10.1016/J.YRTPH.2019.01.024
https://www.ema.europa.eu/en/documents/referral/nitrosamines-emea-h-a53-1490-assessment-report_en.pdf
https://www.ema.europa.eu/en/documents/referral/nitrosamines-emea-h-a53-1490-assessment-report_en.pdf
https://www.lhasalimited.org/products/lhasa-carcinogenicity-database.htm
https://www.lhasalimited.org/products/lhasa-carcinogenicity-database.htm
https://doi.org/10.1002/EM.22446
https://doi.org/10.1016/J.YRTPH.2020.104749
https://doi.org/10.1016/J.YRTPH.2020.104749
https://doi.org/10.1016/J.YRTPH.2022.105288
https://www.ema.europa.eu/en/documents/referral/european-medicines-regulatory-network-approach-implementation-chmp-opinion-pursuant-article-53-regulation-ec-no-726-2004-nitrosamine-impurities-human-medicines_en.pdf
https://www.ema.europa.eu/en/documents/referral/european-medicines-regulatory-network-approach-implementation-chmp-opinion-pursuant-article-53-regulation-ec-no-726-2004-nitrosamine-impurities-human-medicines_en.pdf
https://www.ema.europa.eu/en/documents/referral/european-medicines-regulatory-network-approach-implementation-chmp-opinion-pursuant-article-53-regulation-ec-no-726-2004-nitrosamine-impurities-human-medicines_en.pdf
https://www.ema.europa.eu/en/documents/referral/european-medicines-regulatory-network-approach-implementation-chmp-opinion-pursuant-article-53-regulation-ec-no-726-2004-nitrosamine-impurities-human-medicines_en.pdf
https://www.ema.europa.eu/en/documents/referral/nitrosamines-emea-h-a53-1490-questions-answers-marketing-authorisation-holders/applicants-chmp-opinion-article-53-regulation-ec-no-726/2004-referral-nitrosamine-impurities-human-medicinal-products_en.pdf
https://www.ema.europa.eu/en/documents/referral/nitrosamines-emea-h-a53-1490-questions-answers-marketing-authorisation-holders/applicants-chmp-opinion-article-53-regulation-ec-no-726/2004-referral-nitrosamine-impurities-human-medicinal-products_en.pdf
https://www.ema.europa.eu/en/documents/referral/nitrosamines-emea-h-a53-1490-questions-answers-marketing-authorisation-holders/applicants-chmp-opinion-article-53-regulation-ec-no-726/2004-referral-nitrosamine-impurities-human-medicinal-products_en.pdf
https://www.ema.europa.eu/en/documents/referral/nitrosamines-emea-h-a53-1490-questions-answers-marketing-authorisation-holders/applicants-chmp-opinion-article-53-regulation-ec-no-726/2004-referral-nitrosamine-impurities-human-medicinal-products_en.pdf
https://www.lhasalimited.org/solutions/carcinogenicity-assessment/
https://www.lhasalimited.org/solutions/carcinogenicity-assessment/
https://www.lhasalimited.org/solutions/nitrosamine-impurity-risk-assessment/
https://www.lhasalimited.org/solutions/nitrosamine-impurity-risk-assessment/
https://doi.org/10.1039/C9TX00118B
https://doi.org/10.1039/C9TX00118B
https://doi.org/10.1016/J.DRUDIS.2017.01.001
https://doi.org/10.1016/J.DRUDIS.2017.01.001
https://doi.org/10.1093/TOXRES/TFAA099


Computational Toxicology 29 (2024) 100300

24

[51] R. Thomas, R.E. Tennant, A.A.F. Oliveira, D.J. Ponting, What makes a potent 
nitrosamine? Statistical validation of expert-derived structure activity 
relationships, Chem. Res. Toxicol. 35 (2022) 1997–2013. 

[52] D.J. Ponting, K.L. Dobo, M.O. Kenyon, A.S. Kalgutkar, On the Carcinogenic 
Potential of Novel N-Nitrosamine Impurities Derived from Active Pharmaceutical 
Ingredients, J. Med. Chem. in press (n.d.). 

[53] D. Ponting, SAR Development and MOA analysis to help set AIs, in: FDA/HESI 
Research Roadmap Planning on Hazard and Risk Assessment of Nitrosamine 
Impurities in Drugs, Washington, DC, 2023. 

[54] C.A. Marchant, K.A. Briggs, A. Long, In silico tools for sharing data and knowledge 
on toxicity and metabolism: Derek for windows, meteor, and vitic, 18 (2008) 
177–187. https://doi.org/10.1080/15376510701857320. 

[55] Metabolite Identification and Analysis | Lhasa Limited, (n.d.). https://www.lhasali 
mited.org/solutions/metabolite-identification-and-analysis/ (accessed November 
13, 2023). 

[56] D. Mendez, A. Gaulton, A.P. Bento, J. Chambers, M. de Veij, E. Félix, M.P. 
Magariños, J.F. Mosquera, P. Mutowo, M. Nowotka, M. Gordillo-Marañón, F. 
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