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A B S T R A C T   

This study assesses whether currently available acute oral toxicity (AOT) in silico models, provided by the widely 
employed Leadscope software, are fit-for-purpose for categorization and labelling of chemicals. As part of this 
study, a large data set of proprietary and marketed compounds from multiple companies (pharmaceutical, plant 
protection products, and other chemical industries) was assembled to assess the models’ performance. The ab-
solute percentage of correct or more conservative predictions, based on a comparison of experimental and 
predicted GHS categories, was approximately 95%, after excluding a small percentage of inconclusive (inde-
terminate or out of domain) predictions. Since the frequency distribution across the experimental categories is 
skewed towards low toxicity chemicals, a balanced assessment was also performed. Across all compounds which 
could be assigned to a well-defined experimental category, the average percentage of correct or more conser-
vative predictions was around 80%. These results indicate the potential for reliable and broad application of 
these models across different industrial sectors. This manuscript describes the evaluation of these models, 
highlights the importance of an expert review, and provides guidance on the use of AOT models to fulfill testing 
requirements, GHS classification/labelling, and transportation needs.   

1. Introduction 

The purpose of the acute oral toxicity (AOT) study is to characterize 

general degrees of toxicity and understand the potential for a compound 
to cause life-threating effects from an acute exposure. Regulatory au-
thorities often require the AOT testing of substances in order to 
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characterize their toxicity and assign hazard categories, which informs 
the labelling of products to indicate appropriate restrictions or pre-
cautions to be taken during their handling, transportation, or use 
(Hamm et al., 2017). While the exact requirements for the content and 
formatting of labelling may vary by the product type, regulatory agency, 
and use context, there have been numerous international efforts to 
harmonize hazard identification, and classification and labelling over 
the last several decades (Strickland et al., 2018). Examples of frame-
works include the United Nations (UN) Recommendations on the 
Transport of Dangerous Goods and the Globally Harmonized System 
(GHS) of Classification and Labelling of Chemicals (UN 2019a; UN 
2019b). Each framework is regularly revised and updated to reflect 
national, regional and international experiences in implementing their 
requirements into laws, as well as the experiences of users who perform 
the classification and labelling (UN (2019a)). 

AOT studies are required for the majority of compounds as part of the 
European Union’s (EU’s) legislation on the registration, evaluation, 
authorization and restriction of chemicals (REACH) produced at ≥ 1 
tons per year and manufactured or imported in the EU or European 
Economic Area (EEA) (EU 2006; ECHA 2015) as well as other interna-
tional compound registrations. AOT information is also utilized to define 
labeling information for safety data sheets (SDS) and containers as 
defined by the UN’s GHS for classification and labelling of chemicals (i. 
e., the purple book, EU’s Classification, Labelling and Packaging (CLP)) 
(UN GHS 2005; EU 2017). Finally, AOT information guides how a 
chemical should be packaged, labeled and, or transported (49 CFR, Part 
178; 16 CFR 1500.3; IATA 2020). The well-established practice and 
widespread use of AOT studies for these intended purposes, as well as an 
overall lack of non-animal alternatives, results in the mandated neces-
sity to continue to conduct these tests. 

The median lethal dose, LD50, is a general indicator of a chemical 
substance’s acute systemic toxicity. The LD50 values from acute toxicity 
tests in rodents serve as the basis for the toxicological classification. The 
most commonly performed tests for acute toxicity are described in the 
OECD guidelines (OECD 2008) and are essentially identical to those 
called for under the Toxic Substances Control Act (TSCA) (TSCA 2016), 
Federal Insecticide, Fungicide, and Rodenticide Act (FIFRA) (FIFRA 
1996), and REACH regulations. The AOT tests, including the limit test, 
fixed-dose procedure, toxic class method, and up-and-down methods 
(OECD 2002a; OECD 2002b; OECD 2008, respectively), each represent a 
more simplified study design compared to the original animal test 
method (OECD 401, which was deleted in 2002) as a means of mini-
mizing animal use. 

GHS provides an internationally compatible system to classify and 
communicate physical, health, and environmental hazards of a sub-
stance for the protection of humans and the environment. Several 
toxicological endpoints are presented in the GHS regulation to enable 
proper hazard classification, including acute toxicity by the oral, 
dermal, and/or inhalation (gases, vapors, dusts & mists) route. There are 
five GHS categories for acute toxicity (Category 1–5), which are banded 
based on the dose or concentration required to produce a severe toxic 
effect or death in 50% of the exposed population (i.e., LD50), with 
Category 1 chemicals being the most toxic (see Table 1). These five acute 
toxicity classification categories have corresponding pictograms, signal 
words, and hazard statements, which are used for hazard communica-
tion on safety data sheets and chemical labels (UN GHS 2005). It should 
be noted that not all classification categories are adopted in all regions in 
the world. Regulation (EC) 1272/2008 on classification, labelling and 
packaging of substances and mixtures (CLP Regulation, EU 2008) has 
adopted Categories 1–4, whereas category 5 substances, with a low 

toxicity, are designated as “not classified” according to the CLP 
regulation. 

There is a balance in toxicology research for understanding the 
hazards of chemicals versus the need for animal testing (OECD 2001). 
The “3Rs” is a global initiative geared toward reducing animal use in 
research and stands for (1) Replacing animal-dependent study methods 
with reliable/comparable alternative methods, (2) Reducing the number 
of animals in a study, and/or (3) Refining studies to improve animal 
welfare (Russel and Burch, 1959). Industry implements the 3Rs to 
accelerate scientific discovery, support innovation and technological 
developments, and address societal concerns about animal research. 
There are ongoing national and international efforts to employ the 3Rs 
across toxicology testing and gain regulatory endorsement (NC3Rs 
(2020); EFPIA (2019); AnimalResearch.Info (2018); Lautenberg Chem-
ical Safety Act (2016); Tox21 (2008)). Additionally, the EU Directive 
2010/63/EU mandated the application of reduction, refinement and 
replacement across the EU (EU Directive, 2010/63/EU). 

There have been efforts to reduce the number of laboratory animals 
needed for the existing in vivo methodologies utilized for determining 
the AOT of compounds. The new OECD guidelines for AOT studies 
reduced the number of animals needed to define a point estimate while 
also enabling a more harmonized approach to classifying compounds 
based on their AOT hazard (UN GHS 2005). Introduction of a limit dose 
(2000 mg/kg) and a maximum tested dose (5000 mg/kg) to define “not 
acutely toxic”, also reduced the number of animals required for com-
pounds of low toxicity as there was no need for excessive dosing (OECD 
2002a; OECD 2002b; OECD 2008; UN GHS 2005). The approval of the 
Fixed Dose Procedure (OECD TG 420), Acute Toxic Class (OECD TG 423) 
and Up and down procedure (OECD TG 425) were also considerable 
advances as historical studies utilized ~100 animals per study and these 
newer test guidelines utilize 2–15 animals per study (Erhirhie et al., 
2017). In addition, the fixed dose procedure relies on clear signs of 
toxicity at fixed dose levels versus lethality, which reduces animals and 
offers a refinement that improves animal welfare (OECD 2002a). 

At the time of preparing this paper, there are no validated (e.g. OECD 
test guidelines), internationally accepted, animal-free alternatives to the 
acute oral toxicity animal study that regulatory bodies accept. Based on 
their common use in cytotoxicity assessments, the 3T3 (mouse fibro-
blasts) neutral red uptake (NRU) and the NHK (human keratinocytes) 
NRU in vitro methods have been evaluated as potential alternatives to 
AOT testing (Creton et al., 2010; Schrage et al., 2011; OECD 2010). 
However, these methods were found to not be sufficiently accurate as 
stand-alone test methods but recommended to be incorporated as part of 
a weight of evidence approach for the selection of starting doses for 
rodent AOT tests (Creton et al., 2010). (Quantitative) structure activity 
relationship – or (Q)SAR – models have also not been sufficiently 
developed or validated to enable them to be used as stand-alone alter-
natives to animal testing or to classify and waive/not test in the case of 
REACH. However, (Q)SAR information can be used to supplement 
experimental test data as part of a weight of evidence or an Intelligent 
Testing Strategy (ITS) approach (ECHA, 2008; Creton et al., 2010). 

AOT in silico model development is aligned with the 3Rs mission to 
replace existing methods that require laboratory animals. An AOT in 
silico model offers an animal-free way to elucidate a compound’s acute 
hazards to fulfill testing requirements, classification/labelling, or 
transportation purposes. Fundamental to the success of a global AOT in 
silico model is a sufficiently representative, large and high-quality 
database and algorithms which have the capability to make reliable 
predictions for a broad range of chemical structures. (In the case of a 
statistical QSAR, the model itself would be derived from the database 

Table 1 
GHS classification criteria for AOT.  

Acute Toxicity Category 1 Category 2 Category 3 Category 4 Category 5 Not classified (NC) 

Oral (mg/kg) LD50 ≤ 5 5 < LD50 ≤ 50 50 < LD50 ≤ 300 300 < LD50 ≤ 2000 2000 < LD50 ≤ 5000 5000 < LD50  

J. Bercu et al.                                                                                                                                                                                                                                    



Regulatory Toxicology and Pharmacology 120 (2021) 104843

3

using an algorithm, but the manner in which any (Q)SAR makes pre-
dictions of chemical hazard may be considered an algorithm, with data 
not seen during the model development procedure required for external 
validation of the final model.) A reliable AOT in silico model could 
complement an existing laboratory study to further reduce animals or 
refine existing procedures. For example, an in silico AOT model can assist 
in predicting the starting dose for the OECD 420 AOT test (the only AOT 
test with a non-lethal endpoint), enabling the minimum number of an-
imals to be used and avoid lethality. Another example is if the LD50 is 
predicted to be > 2000 mg/kg, the limit dose can be utilized as the 
starting dose with greater confidence, eliminating the need for lower 
doses to be tested and reducing the number of animals used. In addition 
to use in regulatory requirements, classification and labelling, and 
transportation needs, a reliable AOT in silico tool has potential utility in 
early stages of research and development as an alternative to in vivo 
testing for assessing the likelihood of acute oral toxicity for a given 
chemical series to guide subsequent testing strategies and compound 
design. 

If an alternative model predicts AOT as reliably as an in vivo study, 
the alternative method should be preferred and supported. When eval-
uating an alternative method, it should also be understood that the in 
vivo AOT test itself has a variable response (Pham et al., 2020). Vari-
ability, i.e. differences in the GHS class observed for the same chemical, 
has been observed in animal studies with 18%–25% of studies 
(depending on the route of exposure) on the same compound resulting in 
a different GHS category (Allen et al., 2019) and even more-so (25–27% 
variability; Karmaus 2018) in test sets currently under investigation as 
alternatives to the AOT test. In silico models should not show variability 
for the same compound, but their accuracy or apparent accuracy will 
necessarily be limited by the variability in the experimental data used 
for training and/or testing. Still, if experimental endpoint values used 
for training or testing were derived from multiple test results per 
chemical, the variability in the endpoint data could be reduced from the 
variability in single test results, potentially allowing in silico predictions 
to be more reliable than individual test results, but not more reliable than 
the endpoint values seen during training. Therefore, it is expected that 
there will be an acceptable limit on the accuracy of in silico predictions as 
has been observed with AOT responses in animal studies. 

(Q)SAR2 in silico models are increasingly being considered to predict 
specific toxicological endpoints, such as LD50, based on the chemical 
structure alone (Lapenna et al., 2010; Drwal et al., 2014; NASEM 2015; 
Kleinstreuer et al., 2018). The purpose of this paper is to explore the use 
of in silico models to advance the 3Rs for AOT. This paper will assess in 
silico models against chemicals such as pharmaceuticals, pharmaceutical 
intermediates, plant protection products, plant protection product in-
termediates, metabolites, and starting materials, along with specialty 
chemicals submitted by manufacturers to determine their performance 
compared to animal models. The results will guide the use and appli-
cation of in silico models within the framework of existing regulations 
such as REACH, GHS, and transportation. Specifically, the following 
paper outlines a cross-industry collaboration where each organization 
collected historical AOT experimental data and ran AOT models over 
these chemicals. Each collaborator shared the experimental and pre-
dicted results and an analysis of all results was performed to understand 
the AOT model’s performance across different methodologies, across 
different chemical sectors and of the consensus results. In addition, an 
expert review of experimentally classified category 1 and category 2 
results was performed to understand how such a review would support 
the overall workflow. 

2. Methodology 

2.1. (Q)SAR models 

There are two commonly used (Q)SAR methodologies referred to as 
expert rule-based and statistical-based (Myatt et al., 2017). Leadscope 
(an Instem company) has recently developed and made available a first 
generation of (Q)SAR models covering both methodologies to predict 
GHS categories for rat acute oral toxicity (Leadscope 2020). Both 
methodologies use a database of over 15,000 chemicals with rat AOT 
results from a number of sources including the Registry of Toxic Effects 
in Chemical Substances, ECHA, EU’s Joint Research Council’s Acu-
toxBase, National Library Medicines (NLM) Hazardous Substances Data 
Bank, OECD (eChemPortal), PAI (NICEATM) and TEST (NLM Chem-
IDplus) (RTECS 2011; Kleinstreuer et al., 2018). 

A series of individual models have been developed from this com-
bined dataset and used to predict GHS categories (1–5 and NC). These 
individual statistical models or sets of expert alerts predict whether a 
chemical is below a specified LD50 threshold corresponding to the GHS 
cut-off values. The statistical-based models use a Partial Logistic 
Regression algorithm that incorporates structural features and calcu-
lated physico-chemical properties. Whilst the models have undergone 
subsequent development, the models build upon the approach previ-
ously reported in the literature (Yang 2005). For the expert rule-based 
models, a set of 2867 structural alerts were encoded that will predict 
whether a chemical is below a specified GHS threshold. These models 
are then used within a decision tree to compute a GHS category (Myatt 
et al., 2019). 

This decision tree approach is outlined in Fig. 1 where for each in-
dividual methodology a GHS category is predicted, as well as an overall 
GHS category prediction derived from the individual methodologies. In 
Fig. 4, a chemical is predicted to be GHS category 3 using the expert rule- 
based approach and GHS category 4 using the statistical-based meth-
odology. For the expert rule-based method, a set of alerts predicts 
whether the chemical’s LD50 is below the 5 mg/kg threshold. Since it 
was not predicted to be below this threshold, a second alert set is used to 
determine whether the chemical is below the 50 mg/kg threshold. 
Again, the prediction was negative; however, a third set of alerts pre-
dicted the chemical was below the 300 mg/kg threshold. Therefore, it 
was predicted to be between 50 and 300 mg/kg and hence assigned to 
GHS category 3. A similar process was performed using a series of 
statistical-based models as shown in Fig. 1. In this case, the overall 
prediction was category 4 (LD50 in the range of 300–2000 mg/kg). The 
most conservative value (GHS category 3) was used as the final 
consensus model from the two methodologies. 

The models allow for inspection of the underlying model informa-
tion, such as feature weightings, to support an expert review. In addi-
tion, it is possible to review analogs in the database to provide additional 
supportive evidence, as shown in Fig. 2. 

Collaborators were given access to the acute toxicity (Q)SAR models 
from Leadscope (Leadscope acute rat oral QSAR (v1) and alerts (v1) 
[System: Leadscope Model Applier v2.4]) to use in this exercise. Each 
collaborator collected historical information on chemicals where a rat 
AOT had been performed, with a Klimisch score of 1 or 2 (Klimisch et al., 
1997) where possible, along with information on the study protocol, 
study parameters and results (for the chemicals from the plant protec-
tion product sector, 24% of compounds were retrieved from the Pesti-
cide Properties Database (Lewis et al., 2016)). In some cases, a GHS 
category was derived and in other cases an LD50 value or range was 
identified. The chemicals were then loaded into the (Q)SAR software 
and prediction results were generated. The software calculated one of 
the following 8 values for each test chemical: Category 1, Category 2, 
Category 3, Category 4, Category 5, Not Classified (NC), Out-of-Domain, 
or Indeterminate. The software may generate an out-of-domain result 
where a chemical is sufficiently different from the training set examples 
to make a reliable prediction or where the model’s features do not 

2 The term “(Q)SAR” is as an acronym for computational models that predict 
a biological response (such as acute toxicity) based on the chemical structure of 
the test molecule. It refers to both quantitative and non-quantitative structure- 
activity relationships by placing the “Q” in brackets. 

J. Bercu et al.                                                                                                                                                                                                                                    



Regulatory Toxicology and Pharmacology 120 (2021) 104843

4

overlap with features in the test chemical. The software may also 
generate an indeterminate prediction where there is conflicting infor-
mation, such as where the influence of substituents around a chemical 
class is not fully understood. Any chemical where it was determined to 
be part of the training set was removed. This information was then 
transferred to Excel spreadsheets along with relevant supporting infor-
mation on the studies. To avoid sharing any potentially confidential 
information on the individual chemicals, all information that could 
provide any chemical identification was removed. However, a reference 
identifier was requested for each chemical in case questions needed to be 
resolved later. 

2.2. Curating and combining the results 

Each collaborator shared their in vivo results and predictions, as 
shown in Fig. 3. Initially, the individual results were analyzed to remove 
entries that could not be used in this exercise, based on the following 

rules:  

• When an in vivo LD50 range was provided that spans multiple GHS 
categories (except for >2000 mg/kg since the 5000 mg/kg dose is 
often only used when it can be justified)  

• In cases where it was possible to identify whether a chemical was 
present in the underlying model’s database from the software output 

In some cases, the individual collaborators provided both LD50 and 
GHS category results, in others only LD50 values or ranges were pro-
vided. The following rules were adopted to consistently process the data: 

• When only LD50 values were provided, a GHS category correspond-
ing to the LD50 value or range was computed  

• When both an LD50 and GHS category were provided then the GHS 
category was used when justified by the collaborator 

Fig. 1. Illustration of how a prediction, based on two methodologies, are computed.  

Fig. 2. Analogs of the test chemical with known GHS categories derived from in vivo data.  
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• When an experimental value of >2000 mg/kg was used, a “Category 
5 or Not Classified” entry was used 

2.3. Generating summary statistics 

The results were consolidated (as shown in Fig. 3), and a series of 
summary statistics were generated for the entire dataset as well as 
subsets including collections from the pharmaceutical industry, plant 
protection product industry and other chemical industries. These sum-
mary statistics use an assessment of whether the experimental in vivo 
GHS category exactly matched the predicted GHS category. In cases 
where the experimental category was assigned to the category “Category 
5 or Not Classified”, a correct match was recorded if the prediction was 
Category 5 or Not Classified. 

A series of summary statistics were calculated to support an assess-
ment of whether the (Q)SAR test is fit-for-purpose for classification and 
labeling, that is it predicts either the correct or a more potent category. 
This analysis was performed on both the entire data set as well as subsets 
of the data as explained below.  

(1) The proportion of compounds correctly or more conservatively 
classified (for example, if the in vivo GHS category was 3, then a 
prediction of GHS 1, 2 or 3 would be a match)  

(2) The proportion of compounds correctly predicted or one category 
more conservative (for example, if the in vivo GHS category was 3, 
then a prediction of GHS 2 or 3 would be a match) 

Two additional summary statistics were computed to assess the ac-
curacy of the models.  

(3) The proportion of compounds correctly predicted (for example, if 
the in vivo GHS category was 3, then only a prediction of GHS 3 
would be a match)  

(4) The proportion of compounds correctly predicted or one category 
higher/lower (for example, if the in vivo GHS category was 3, then 
a prediction of GHS 2, 3 or 4 would be a match) 

For each of these statistics, an overall assessment (i.e., the proportion 
across all test compounds) as well as a balanced assessment (based on 
the average proportion for each experimental in vivo GHS category) was 
calculated. Whilst the values derived from the overall assessment are 
more intuitive, the fact that the dataset was skewed towards a higher 
proportion of low toxicity chemicals (see below) makes the latter values 
more appropriate to consider. 

In addition, a baseline was computed using a random model (i.e., a 
random uniformly distributed assignment to category 1 through 5 and 

Fig. 3. Combining the results from multiple companies.  

Fig. 4. Number of chemicals for each experimental in vivo GHS category.  

J. Bercu et al.                                                                                                                                                                                                                                    



Regulatory Toxicology and Pharmacology 120 (2021) 104843

6

not classified) and the same balanced summary statistics generated. This 
was used for comparison purposes. 

2.4. Expert review 

An additional manual assessment of experimentally determined 
category 1 or 2 chemicals that were predicted by the (Q)SAR models to 
be in a less potent category was performed. This assessment used both 
information generated by the software (e.g., analogs, feature weight-
ings) and any other information that would have been generated, 
including any in vitro assay results indicating a chemical’s mechanism/ 
mode of action (MoA). The analysis was then revised based on any 
modified results from this expert review. 

3. Results 

Results were provided from 3M, Abbvie, Bristol Myers Squibb (BMS), 
DSM, Genentech, Gilead Sciences, GlaxoSmithKline (GSK), Johnson and 
Johnson (J&J), Syngenta and Vertex. Information on 2568 chemicals 
was provided and, after processing the results, 2290 chemicals were 
used in the analysis. Given that the identities of the chemicals were not 
shared, it is not possible to determine whether any of the chemicals 
provided were duplicates; however, since these chemicals represent 
proprietary lead compounds, candidate active ingredients, in-
termediates, etc. from different companies, as well as additional mar-
keted plant protection products and metabolites from a single database 
(Lewis et al., 2016), we can reasonably assume there is limited overlap 
because of the diverse proprietary chemical space being assessed. Any 
chemical where it was determined to be part of the training set was 
removed. Fig. 4 visually shows the number of chemicals in each of the 
experimental in vivo GHS categories. As previously noted, a category 
“Cat. 5 or NC” was created for chemicals where the experimental LD50 
result was specified as > 2000 mg/kg. 

A summary of how the Leadscope consensus model predicted the 
experimental in vivo GHS categories is shown in Table 2. The seven 
experimental categories used in this analysis are listed vertically along 
with the six predicted categories (cat. 1–5 and NC), shown horizontally. 
Counts of the number of chemicals are shown in the table. To illustrate, 
there were 8 chemicals that had experimental in vivo values placing 
them in category 1. Five of these 8 were predicted by the consensus 
model as category 1, 2 were predicted as category 2 and the remaining 1 
was predicted as category 5. The total value of 2181 results is less than 
the 2290 chemicals analyzed since 109 predictions were inconclusive 
(approximately 5% were either out-of-domain or indeterminate pre-
dictions). From this table, it can be seen that 95% of chemicals were 
either correctly predicted or were assigned to a more conservative 
category. However, the skewed nature of this dataset, i.e. the higher 
percentage of low toxic compounds, means that a balanced assessment 
was also required (see below). 

An assessment of the performance of the consensus model for each 

experimental in vivo GHS category is shown in Table 3. Two summary 
statistics that help to understand whether the model is fit-for-purpose for 
classification and labelling are presented: (1) the percentage of correctly 
predicted chemicals or chemicals predicted to be in a more conservative 
GHS category and (2) the percentage of correctly predicted chemicals or 
chemicals predicted in an adjacent more conservative category. Two 
additional summary statistics were calculated to help understand the 
accuracy of the model: (1) the percentage of correctly predicted chem-
icals and (2) the percentage of correctly predicted chemicals or chem-
icals predicted in an adjacent category. The inconclusive results were 
not used in calculating the summary statistics. 

The data collected reflects the typical distribution of GHS categories 
within corporate collections and as such it is highly imbalanced and 
weighted towards the less toxic compounds. Therefore, an overall 
balanced assessment of the 4 summary statistics was calculated along-
side a baseline (represented by a random model). The balanced sum-
mary statistics were computed by averaging the values for each 
category, shown in Table 3, apart from the "Cat 5. or NC values", with the 
averages reported in Table 4. This information was not used in this 
assessment since this category spans two experimental categories. 

The supplemental material contains analogous information to 
Tables 2–4 for the assessment of statistical-based and the expert rule- 
based methodologies (supplemental tables S1-S6) as well as the three 
industrial sectors analyzed: pharmaceutical, plant protection products 
and other chemicals (Supplemental tables S8-S18). As previously dis-
cussed for analysis of the consensus model on the combined dataset, due 
to the skewed nature of the datasets towards low toxicity chemicals, the 
balanced statistics presented therein provide valuable insight into the 
predictive performance of the different types of models on different 
kinds of chemicals. Table S7 summarizes the results for different (Q)SAR 
methodologies, statistical-based and expert rule-based, along with the 
consensus from the two methodologies. The same summary statistics 
were calculated over all the data (i.e., these values are not balanced). 
Table S19 summarizes the performance of the consensus model across 
the different sectors: pharmaceutical sector, plant protection products 
sector and other chemical sectors. 

Supplemental tables S20, S21, and S22 show a series of experimental 
in vivo category 1 or 2 chemicals from the pharmaceutical industry, plant 
protection product industry and broader chemical industry that are 
predicted as a less conservative category. For example, a chemical 
whose experimental in vivo result is GHS category 1 yet the prediction is 
either category 2, 3, 4, 5 or NC. An assessment of other information that 
would be available for these chemicals is also provided, including other 
test results, information on chemical analogs as well as other informa-
tion from within the deployed models. Based on this information a 
determination was made as to whether the chemical would have been 
correctly categorized based on an expert review of the totality of the 
information available. Using this information, Tables 5 and 6 illustrate 
how a combination of using the (Q)SAR models in addition to an expert 
review would modify the prediction results for experimental in vivo GHS 

Table 2 
Table showing counts of how the consensus model predicts for the different GHS categories.    

Predictedc  

Experimental  Cat. 1 Cat. 2 Cat. 3 Cat. 4 Cat. 5 NC Total 
Cat. 1 5a 2 0 0 1 0 8 
Cat. 2 5 18a 5 2 2 1 33 
Cat. 3 1 29 52a 40 2 2 126 
Cat. 4 4 43 115 260a 38 8 468 
Cat. 5 1 15 54 106 59a 12 247 
Cat. 5 or NCb 3 48 164 343 128a 23a 709 
NC 9 32 119 227 116 87a 590 

Total  28 187 509 978 346 133 2181  

a Indicates where a correct prediction is made. 
b Where chemicals were identified as > 2000 mg/kg they were place in category “Cat. 5 or NC” and not in Cat.5 or NC. 
c Not including inconclusive predictions. 
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category 1 and 2 chemicals. Table 5 shows a table of counts for these 
modified results and Table 6 displays the performance metrics for these 
modified results. In both tables the original results (based on only the 
(Q)SAR models) are shown in parentheses. 

4. Discussions 

4.1. Expert review 

An expert review of the supporting information is considered best 
practice to improve the overall reliability of any prediction (Myatt et al., 

2018). Such a review supports an assessment of the reliability of the 
information as well as potentially modifying the result with sufficient 
supportive evidence. In most situations (as shown in Tables 5 and 6), 
these predictions would have been corrected based on an expert review 
using the following information:  

• related in vitro assay results or information on the chemical’s MoA for 
therapeutic or pesticidal activity  

• other hazardous properties such as corrosivity  
• a search for chemical analogs (e.g., structural similarity, nearest 

neighbors) 
• chemical class considerations with known uncertainties (e.g., reac-

tive fluorinated substances)  
• examination of the additional information from the deployed model 

results and the underlying data  
• potential downstream metabolism 

These are items to consider as part of an expert review. In addition, 
an expert review of inconclusive results may provide additional sup-
portive evidence to support an assignment to a GHS category. 

A formalized procedure is being developed describing what specific 
in silico model results and/or other experimental data to consider as part 
of an acute toxicity hazard assessment. This includes recommendations 
for how such information should be reviewed and consolidated as part of 
a weight-of-evidence assessment, alongside guidelines for an expert re-
view of this information. The protocol is being developed as part of the 
in silico toxicology protocol consortium (Myatt et al., 2018). This pro-
cedure will help ensure future predictions are performed in a consistent, 
documented and repeatable manner. 

4.2. Performance of (Q)SAR models 

The performance of the consensus model for different in vivo GHS 
categories was assessed (see Table 3). For in vivo GHS category 1 or 2 
chemicals, the proportion of correct or a more conservative prediction 
was over 60%; however, when an expert review was taken into 
consideration this number increases to approximately 90% (see 
Table 6). For category 3, although 65.1% were predicted correct or more 
conservative, 96% were predicted to be in a correct or adjacent category 

Table 3 
Breakdown of the results across different categories.   

Fit-for-purposeb Accuracyc 

Experimental 
value 

Count Number of inconclusive 
predictionsa 

Percentage correct or more 
conservative 

Percentage correct or one more 
conservative 

Percentage 
correct 

Percentage correct (+/−
one category) 

Cat. 1 8 0 62.5% 62.5% 62.5% 87.5% 
Cat. 2 34 1 69.7% 69.7% 54.6% 84.9% 
Cat. 3 128 2 65.1% 64.3% 41.3% 96.0% 
Cat. 4 482 14 90.2% 80.1% 55.6% 88.3% 
Cat. 5 259 12 95.1% 66.8% 23.9% 71.7% 
Cat. 5 or NC 754 45 100.0% 69.7% 21.3% 73.2% 
NC 625 35 100.0% 34.4% 14.8% 34.4%  

a Not included in the statistics (out of domain or indeterminate). 
b An assessment of whether the (Q)SAR test is fit-for-purpose for classification and labeling, that is it predicts either the correct or a more potent/conservative 

category (or predicts one category more potent/conservative). 
c An assessment of the accuracy of the (Q)SAR test, that is the proportion of correctly predicted or±one GHS category. 

Table 4 
Balanced summary statistics result.   

Fit-for-purpose Accuracy  

Averagea 

percentage 
correct or 
more 
conservative 

Averagea 

percentage 
correct or one 
more 
conservative 

Averagea 

percentage 
correct 

Averagea 

percentage 
correct (+/−
one category) 

Consensus 
model 

80.4% 63.0% 42.1% 77.1% 

Random 
model 

54.0% 24.5% 13.1% 38.6%  

a Averages across all experimental classes, excluding compounds in the “Cat. 5 
or NC” class. 

Table 5 
Table showing the results of an expert review of the consensus prediction, with 
the original consensus prediction results shown in parentheses.   

Predicted  

Experimental Cat. 1 Cat. 2 Cat. 3 Cat. 4 Cat. 5 NC Total 

Cat. 1 7 (5) 1 (2) 0 (0) 0 (0) 0 (1) 0 (0) 8 (8) 
Cat. 2 6 (5) 23 

(18) 
2 (5) 1 (2) 0 (2) 0 (1) 32 

(33)a  

a There is one compound less in the total column for GHS Cat.2 (i.e., 32 (33)) 
since one result (ID 703) was assigned to inconclusive after an expert review. 

Table 6 
Performance metrics showing the results of an expert review of the consensus prediction, with the original consensus performance metrics without expert review 
shown in parentheses.   

Fit-for-purpose Accuracy 

Experimental 
value 

Count Number of inconclusive 
results 

Percentage correct or more 
conservative 

Percentage correct or one more 
conservative 

Percentage 
correct 

Percentage correct (+/− one 
category) 

Cat. 1 8 0 87.5% (62.5%) 87.5% (62.5%) 87.5% (62.5%) 100% (87.5%) 
Cat. 2 34 1 90.6% (69.7%) 90.6% (69.7%) 71.9% (54.6%) 96.9% (84.9%)  
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(i.e., either category 2, 3, or 4). For all other categories, the percentage 
of correct or more conservative predictions was greater than 90%. 

Experimental in vivo GHS 1 and 2 categories had a low number of 
compounds compared to the other classes which indicates that chem-
icals do not generally fit in the higher potency classes with most phar-
maceutical, plant protection product, and other industrial chemicals 
typically falling in GHS category 3–5 or NC. Since there were fewer 
chemicals within the higher potency categories, a series of balanced 
summary statistics were computed to assess whether the consensus 
model was fit-for-purpose (i.e., predicting the in vivo GHS category or a 
more conservative category) as shown in Table 4. 

Both statistical-based and expert rule-based methodologies were 
individually assessed and able to predict either the correct category or a 
more conservative category for over 90% of the chemicals (where a 
prediction was made) (see Table S7), with a balanced statistic of over 
73% (see supplemental tables S3 and S6). A consensus prediction from 
both methodologies was also calculated and this prediction had the 
highest score for correct or more conservative. The statistical-based 
model was more accurate with approximately 80% of the chemicals 
being correctly predicted or predicted to be in an adjacent class (either 
higher or lower), with the same balanced statistic value of 80% (see 
supplemental table S3). Therefore, all three results could be used in 
different ways for classification and labelling. For example, the 
consensus prediction may be used, in a regulatory context, to assess 
what GHS category to use based on the model results (since this is most 
conservative); however, the statistical-based model may provide more 
weight to determine whether additional testing is warranted (since this 
is the more accurate model). Hence, these models could be utilized in 
different manners depending on the final intended use of the prediction: 
screening or classification. Although predicting a more conservative 
value is protective of public health, other considerations (such as the 
cost of supporting a category 1 assignment) may also influence whether 
additional testing is needed for those chemicals predicted in the most 
toxic categories. The summary statistics include an assessment of the 
prediction of the correct or one more conservative category to support 
these decisions. 

The consensus model predictions were investigated across different 
industries, i.e., pharmaceutical, plant protection product and other in-
dustrial chemicals, including specialty chemicals (see Supplemental ta-
bles S8-S19). The proportion of correct or more conservative predictions 
across all three sources of data was greater than 93% (see supplemental 
Table S19) indicating a high reliability for the (Q)SAR models (with 
balanced statistic greater than 75%, after excluding an unreliable sta-
tistic for pharmaceutical category 1 compounds based on only two 
datapoints - see supplemental tables S10, S15 and S18). 

Several AOT in silico models have been assessed as part of a publi-
cation by Graham and co-authors (Graham et al., 2020). This paper il-
lustrates the accuracy, reliability, and applicability of these models in 
the pharmaceutical chemical space. Graham et al. also elucidates how to 
utilize these models to fill in data gaps, inform decisions regarding 
Dangerous Goods classifications and to reduce animal use and reliance 
on animal test methods for acute oral toxicity GHS categorization. 

4.3. Regulatory experience of using (Q)SARs 

Other research and development as well as regulatory use cases have 
successfully incorporated (Q)SAR model results in place of in vivo and in 
vitro studies. For example, the ICH M7 regulatory guideline (ICH M7 
2017) and the EFSA guidance (EFSA 2016) recommend, for certain kinds 
of chemical species, the use of two complementary (Q)SAR models, one 
statistical-based and one expert rule-based. (Q)SAR model results 
alongside an expert review are accepted as part of regulatory sub-
missions as per these guidelines. Where a mutagenic (Q)SAR prediction 
is made, it is possible to follow-up this finding with an Ames test and a 
negative result of this in vitro test would then override any positive (Q) 
SAR prediction. This mirrors the findings in this paper. 

Regulatory acceptance has also provided impetus for the develop-
ment of improved models for predicting bacterial mutation. Landry et al. 
(2019) shows how, based on a larger training set and improved 
knowledge of mutagenicity SAR, improvements to both the sensitivity 
and specificity of the models have been made. A series of papers have 
been written outlining best practices in the application of the models 
alongside guidelines for performing an expert review of the results 
(Powley 2015; Barber 2015; Amberg 2016, 2019). In addition, pre-
dictions within specific classes, such as nitrosamines (Bercu et al., 2020) 
and aromatic primary amines (Ahlberg et al., 2016) are still challenging 
and are the focus of active R&D developments. These classes also require 
expert review. This situation parallels the findings of this paper where 
specific classes, such as reactive fluorinated substances, were singled out 
for a more in-depth expert review in supplemental Table S22. 

4.4. Use cases and workflows 

A (Q)SAR assessment of AOT could be utilized to support both 
transportation and worker safety assessments as well as emergency over- 
dose situations (e.g. poison control) or health hazard assessments for 
large-scale spills of chemicals that lack AOT data. An example flow-chart 
for making an AOT GHS assessment based, in part, on (Q)SAR models is 
shown in Fig. 5. 

The first step for any test chemical is to identify whether AOT data 
are available, either within proprietary databases or through a search of 
publicly available information. Such a search should return chemicals 
that match the chemical exactly (including different salt forms, tauto-
mers, etc.). In many situations, the test chemical cannot be submitted to 
an online service because of intellectual property concerns and so 
issuing such a query behind a company’s firewall is often important. 
Ideally, such a search will return an adequate AOT study, including in-
formation on species tested, route of exposure, and LD50 value. Studies 
not considered adequate or performed via other routes of exposure may 
be considered as part of the weight of the evidence in the expert review, 
discussed later. Further assessment of any available studies should focus 
on whether they are reliable including consideration of whether the 
Klimisch score (Klimisch et al., 1997) is 1 or 2 (i.e., a well-documented 
and accepted/sufficient study or data from the literature that is per-
formed according to or partially compliant with valid and/or accepted 
test guidelines, and preferably performed according to good laboratory 
practices). Regarding the species tested, the rat is the preferred test 
species (because of the similarity of the genome between rats and 
humans); however, if AOT data are available in other animal species, 
expert scientific judgment should be used to select the most appropriate 
LD50. Such LD50 data could be used directly to assign the chemical to a 
GHS category. 

In situations where there are no AOT studies available, then it may be 
possible to use other repeated dose studies to derive an estimate for LD50 
or to separate non-classified chemicals from those requiring follow-up 
(Bulgheroni et al., 2009; Graepel et al., 2016). 

In the absence of reliable AOT experimental data or the ability to 
derive an LD50 value from other information, a (Q)SAR assessment 
provides an alternative approach to estimate the GHS category. In this 
paper, we observed that accepting the prediction with the most toxic 
outcome from two complementary (Q)SAR methodologies provided the 
most conservative overall results, which is desirable to protect health. 
Further, the importance of conducting an expert review for any assess-
ment is recognized. Such a review may take into consideration other 
information on the chemical’s MoA, other hazardous properties, 
chemical analogs (i.e., read-across), inspection of the individual model’s 
results, and any mechanistic information including the potential of the 
chemical to metabolize. In addition, AOT data not deemed to be suffi-
ciently reliable, on their own, may be included in a weight-of-evidence 
assessment. The expert review process should generate a documented 
assessment of the assigned GHS category. It may be possible to generate 
an assessment even if the (Q)SAR models are unable to predict a GHS 
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category, such as when a chemical is out-of-domain (i.e., the prediction 
reliability is expected to be lower) or indeterminate (i.e., there is con-
flicting information) based on sufficient additional information. 

Finally, there may be situations when the (Q)SAR results and expert 
review does not result in a GHS classification, primarily due to insuffi-
cient information. In this situation, another option for hazard identifi-
cation should be considered. 

In addition to their use in establishing a GHS classification, these 
types of models also have utility for other applications. For example, in 
early stage research and development (R&D) they could be used as a 
guide for relative acute toxicity risk and used to help design testing 
strategies as well as to inform compound design and selection. Different 
use cases for acute toxicity computational models are also outlined as 
part of the in silico protocol for acute toxicity. 

5. Conclusions 

As the current standard for acute oral toxicity hazard identification is 
a test conducted using animals, an AOT in silico model potentially offers 
a rapid and cost-effective alternative approach. In silico models have the 
potential to effectively reduce or eliminate the use of in vivo testing, 
thereby reducing the reliance of industry on these models for AOT 
hazard identification. Given that in silico models have been developed 
based on the wealth of publicly available AOT data, it is promising to 
note that the Leadscope AOT suite was capable of making typically 
reliable AOT hazard predictions for a broad range of chemical struc-
tures, spanning numerous industries. The evaluation presented in this 
manuscript also points out the importance of an expert review to enable 
a weight of evidence approach. Guidance is also provided on the use of 
such models to fulfill regulatory requirements, classification and label-
ling, and transportation needs. In addition, other uses for such models 
include prioritization and screening of chemicals in early R&D. It can be 
concluded that for predicting acute toxicity, the use of qualified and 
transparent (Q)SAR models, such as the Leadscope AOT suite, coupled 
with an expert review, provides a scientifically rational, reasonable and 
conservative approach to hazard identification. 
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