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A B S T R A C T   

The Dermal Sensitisation Thresholds (DST) are Thresholds of Toxicological Concern, which can be used to justify 
exposure-based waiving when conducting a skin sensitisation risk assessment. This study aimed to update the 
published DST values by expanding the size of the Local Lymph Node Assay dataset upon which they are based, 
whilst assigning chemical reactivity using an in silico expert system (Derek Nexus). The potency values within the 
expanded dataset fitted a similar gamma distribution to that observed for the original dataset. Derek Nexus was 
used to classify the sensitisation activity of the 1152 chemicals in the expanded dataset and to predict which 
chemicals belonged to a High Potency Category (HPC). This two-step classification led to three updated 
thresholds: a non-reactive DST of 710 μg/cm2 (based on 79 sensitisers), a reactive (non-HPC) DST of 73 μg/cm2 

(based on 331 sensitisers) and an HPC DST of 1.0 μg/cm2 (based on 146 sensitisers). Despite the dataset con
taining twice as many sensitisers, these values are similar to the previously published thresholds, highlighting 
their robustness and increasing confidence in their use. By classifying reactivity in silico the updated DSTs can be 
applied within a skin sensitisation risk assessment in a reproducible, scalable and accessible manner.   

1. Introduction 

One of the many potential hazards that chemicals need to be assessed 
for is their ability to act as skin sensitisers, which can lead to allergic 
contact dermatitis in individuals exposed to sufficient levels of sensi
tising chemicals. Recent efforts in the field have sought to consolidate, 
strengthen, and formalise the procedure for assessing the risk of a 
chemical causing skin sensitisation through the Quantitative Risk 
Assessment (QRA)3 framework (Api et al., 2008, 2020; Kimber et al., 
2017). In this framework, an essential step is the use of the available skin 

sensitisation data (be that in vivo, in vitro, in chemico, in silico, and/or 
clinical) to derive a point of departure (often termed a No Expected 
Sensitisation Induction Level, or NESIL) measured in μg/cm2, which is 
then used to calculate an Acceptable Exposure Level (AEL). If the ex
pected Consumer Exposure Level (CEL) is less than the AEL, then it is 
considered that the exposure scenario(s) assessed will not lead to the 
induction of sensitisation. However, if the CEL is higher than the AEL, 
then the exposure scenarios are considered to pose an unacceptable risk 
of sensitisation. 

One tool that was developed to help exposure-based risk assessments 
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such as QRA is the Dermal Sensitisation Threshold (DST) (Safford, 2008; 
Safford et al., 2011, 2015), which is analogous to the Threshold of 
Toxicological Concern (TTC) used in the systemic toxicity risk assess
ment of chemicals (Cramer et al., 1976; Kroes et al., 2004; Munro et al., 
1996). When exposure to a chemical is calculated to be lower than the 
relevant DST there is considered to be no appreciable risk of the 
chemical inducing skin sensitisation, as the DST represents a worst-case 
scenario based on the known skin sensitisation potency of hundreds of 
sensitisers. In these cases, an exposure-based waiving approach can be 
applied, thereby avoiding further data generation in the risk assessment. 

Two separate DSTs were initially published in the literature: a value 
of 900 μg/cm2 for non-reactive chemicals based on 38 compounds 
(Safford et al., 2011) and a value of 64 μg/cm2 for reactive chemicals 
based on 233 chemicals (Safford et al., 2015). These were derived from 
the analysis of 363 chemicals which have been tested in the murine 
Local Lymph Node Assay (LLNA), which provides quantitative potency 
information in the form of an EC3 value, measured either as a per
centage concentration (%) or as a dose per unit area (μg/cm2). A set of 
structural rules was also published to identify any High Potency Cate
gory (HPC) chemicals, likely to have EC3 values below the reactive DST 
(Roberts et al., 2015). The proposed workflow for using the DST 
approach consists of answering two questions: is the chemical judged to 
be reactive using the published reaction mechanistic domains (Aptula 
et al., 2005), and if so, is it judged to be an HPC chemical? If the answer 
to the first question is no, then the non-reactive DST should be used; 
otherwise, if the answer to the second question is no, then the reactive 
DST should be used. Recently, a third DST of 1.5 μg/cm2 was published, 
covering those chemicals that are predicted to belong to a High Potency 
Category (Nishijo et al., 2020). 

One reason for wanting to update the Dermal Sensitisation Thresh
olds is that there is now a much larger amount of LLNA data available in 
the public domain than when the DST values were initially published. 
TTCs such as the DST are data-driven approaches, and therefore the 
more data used to derive them, the more accurate and robust the 
resulting values should be. The DST dataset used in the original publi
cation has already been expanded once, with little change to the overall 
distribution of EC3 values (Safford et al., 2011). In this study, the dataset 
was expanded once again, and the reactivity classification step was 
automated and standardised using the in silico expert system Derek 
Nexus. Updated DST values were then derived from the expanded, 
classified dataset. 

2. Material and methods 

2.1. Compilation of the datasets 

Information on the original DST dataset was taken from Safford et al. 
(2011). The dataset contains 363 chemical structures with an associated 
chemical name, CAS number (where available), expert-derived reaction 
mechanistic domain, EC3 value, and reference. 

An expanded DST dataset was created by collecting and curating 
publicly available LLNA data. For positive LLNA outcomes, the EC3 
value was recorded as a percentage concentration. For negative LLNA 
outcomes, the maximum tested dose was recorded, providing that the 
chemical had been tested to a concentration of 20% or greater. The 
chemical structures were standardised using a two-step procedure: 
firstly, they were normalised to ensure consistent representation of 
functional groups; and secondly, they were contextualised by removing 
stereochemistry, removing certain common counterions, and neutralis
ing charges where possible. Any organometallic or inorganic structures 
that remained were removed from the dataset, as the DST approach is 
inappropriate for these chemicals (Safford et al., 2015). The resulting 
standardised structures were grouped on their InChI string (Heller et al., 
2015) to ensure that each structure was only represented once in the 
final dataset. Where multiple positive LLNA outcomes had been 
observed for the same chemical, the median EC3 value was recorded to 

minimise the effect of any outliers in cases where a non-normal distri
bution of EC3 values was observed. Where multiple negative outcomes 
had been observed for the same chemical, the highest maximum tested 
dose was recorded. Chemicals with positive and negative LLNA out
comes recorded in the literature were conservatively assigned as sensi
tisers, and their median EC3 values were retained. 

A small number of chemicals showing well-established false positive 
responses in the LLNA were identified and removed from the expanded 
DST dataset (n = 8, Table S1). The final expanded DST dataset contained 
1152 chemicals (556 sensitisers and 596 non-sensitisers) with an asso
ciated CAS number (where available), EC3 value (or maximum tested 
dose in the LLNA), and reference. 

2.2. In silico reactivity classification 

The chemicals in the original and expanded DST datasets were 
classified into either the reactive or non-reactive domain using the skin 
sensitisation alerts found within Derek Nexus v6.1.1 (Lhasa Limited, 
2021). These structural alerts describe toxicophores which are expected 
to cause sensitisation by combining an understanding of the mechanism 
of skin sensitisation with the available toxicity data and include a 
consideration of autoxidation and metabolism where these are relevant 
(for prehaptens and prohaptens, respectively). Predictions were pro
cessed with the following settings: knowledge base = Derek KB 2022 
1.0, species = mammal, perceive tautomers = off, perceive mixtures =
off, match alerts without rules = off, endpoint = skin sensitisation. The 
presence of one or more skin sensitisation alerts with an associated 
likelihood of either equivocal, plausible, or probable resulted in the 
chemical being classified as reactive. A prediction with a likelihood of 
improbable or a prediction of non-sensitiser based on a lack of structural 
alerts resulted in the chemical being classified as non-reactive. 

The chemicals in the expanded DST dataset were classified as either 
HPC or non-HPC using the High Potency Category alerts found within 
Derek Nexus v6.1.1 (Lhasa Limited, 2021), using the same settings as 
above, except that endpoint = skin sensitisation HPC. Lipophilicity was 
calculated within Derek Nexus using BioByte’s ClogP algorithm (version 
5.9). The presence of one or more HPC alerts with an associated likeli
hood of plausible resulted in the chemical being classified as HPC. A lack 
of HPC alerts resulted in the chemical being classified as non-HPC. 

Those chemicals classed as non-reactive by the skin sensitisation 
alerts in Derek Nexus, but HPC by the High Potency Category alerts, 
were conservatively classified as HPC. This reclassification occurred for 
19 chemicals in the expanded DST dataset. 

2.3. Data analysis 

Dermal Sensitisation Thresholds were calculated by fitting a gamma 
distribution to the negative log10 transformed EC3 values as previously 
reported (Safford, 2008; Safford et al., 2011, 2015), and are reported to 
two significant figures. EC3 values were converted from % to μg/cm2 by 
multiplying by a factor of 250 (Basketter et al., 2005). All data analysis 
was performed in KNIME v4.3 (Berthold et al., 2009), and the gamma 
distributions were fitted in R v3.6.2 using the fitdistr function within the 
MASS package. Parameters for the various gamma distributions used in 
this paper are available in Table S2. 

The performance of the reactivity classifiers was assessed using the 
number of true positive (TP), true negative (TN), false positive (FP), and 
false negative (FN) predictions. From these various metrics were 
calculated, including accuracy ((TP + TN)/(TP + TN + FP + FN)), 
sensitivity (TP/(TP + FN)), specificity (TN/(TN + FP)) and balanced 
accuracy ((sensitivity + specificity)/2). 
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3. Results and discussion 

3.1. Comparing in silico and human expert-derived reactivity 
classifications of the original DST dataset 

The first question was how well an in silico expert system could 
classify chemicals as reactive or non-reactive compared to a human 
expert. The original DST dataset was used as a benchmark, and a direct 
comparison of the outcomes from the two reactivity classifiers showed 
that they agreed 86% (312/363) of the time. The performance of each 
was then compared against the LLNA data in the original DST dataset; 
Derek Nexus was found to have an almost identical sensitivity to human 
experts (87% cf. 86%) and very similar specificity (61% cf. 64%) 
(Table 1). 

For the 243 chemicals which were classified as reactive by both 
human experts and Derek Nexus, a further comparison was made of 
which of the five mechanistic domains (Aptula et al., 2005) the chem
icals were placed into: acyl transfer, Michael acceptor, Schiff base, SN2, 
or SNAr. The human expert classifications included the additional 
complex and special case categories, whereas Derek Nexus also con

tained categories for miscellaneous, hapten acting as a nucleophile, and 
free radical generator. The special case and miscellaneous categories 
were considered to be in partial agreement. 

A total of 61% (148/243) of the chemicals were given an identical 
mechanistic domain by both classifiers, with a further 25% (60/243) 
showing partial agreement between the domains. In the remaining 14% 
(35/243) of cases, there was disagreement between Derek Nexus and 
human experts about which domain the chemical should be assigned. 
Since the DST approach is a binary classification of reactive/non- 
reactive, the identification of the precise mechanistic domain is not 
required for its use. However, the fact that Derek Nexus agrees or 
partially agrees with human experts on the mechanistic domain 86% of 
the time gives confidence that the skin sensitisation alerts in Derek 
Nexus have captured much of the same information as described by 
human experts in the published reaction mechanistic domains (Aptula 
et al., 2005). 

Furthermore, as the performance metrics were almost identical 
(Table 1), Derek Nexus may be another valuable method for classifying 
skin sensitisation reactivity, alongside human expertise. There are 
several advantages to using an in silico expert system to classify chemical 
reactivity: 1) it automates and reduces the time taken to classify 
chemical reactivity, 2) the classifications are reproducible, standardised 
and accessible (as they can be made by organisations which lack the 
relevant in house sensitisation expertise to manually classify chemicals), 
and 3) detailed alert comments and relevant references support the 
reactive outcomes. 

3.2. Using in silico reactivity classifications to recalculate the original 
Dermal Sensitisation Thresholds 

The in silico reactivity classifications generated by Derek Nexus were 
used to recalculate the reactive and non-reactive DSTs from the original 
DST dataset to see what effect changing from the human expert reac
tivity classifier would have. The 235 reactive chemicals (as classified by 
Derek Nexus) were used to derive a reactive DST to compare against the 
initially published value of 64 μg/cm2. Firstly, a gamma distribution was 
fitted to the reactive sensitisers in the dataset (Fig. S1). Secondly, using 
Derek Nexus’s calculated sensitivity and specificity values of 87% and 
61%, coupled with the estimated global incidence of sensitisers of 20% 
(Safford, 2008), the probability of a reactive chemical being a true 
sensitiser (i.e. the positive predictive value) was calculated to be 35.7% 
(Equation (1)). Given that the reactive DST is designed to leave only 5% 
of chemicals likely to have a potency higher than the threshold, this 
means that the probability of a reactive chemical being a less potent 
sensitiser than the DST is equal to (1 – (0.05/0.357)) = 0.860. The EC3 
value associated with the 86th percentile of the gamma distribution was 
77 μg/cm2 (Fig. S1).   

=
0.867 × 0.2

(0.867 × 0.2) + ([1 − 0.609] × [1 − 0.2])
=

0.173
0.173 + 0.313

= 0.357 

Equation (1). Calculation of the probability that a reactive chemical 
within the original DST dataset is a sensitiser. 

A similar process was employed to calculate a comparative non- 
reactive DST using the 36 non-reactive sensitisers (as classified by 
Derek Nexus) in the original DST dataset, and a gamma distribution was 
fitted to the EC3 values (Fig. S1). In accordance with the published 
methodology (Safford et al., 2011), the 95th percentile of this distri
bution was taken as the non-reactive DST, which gave a value of 580 
μg/cm2. 

The reactive DST based on reactivity assignments from Derek Nexus 
only differed by 1.2-fold from the originally published value (77 cf. 64 
μg/cm2). This demonstrates that the classifier used (Derek Nexus or 
human expert) does not create significant differences in either the 
gamma distribution fitted to the EC3 values of the reactive sensitisers, or 
the DST value derived from this distribution (Fig. S1). However, the non- 
reactive DST showed a slightly larger deviation of 1.6-fold from the 
published value (580 cf. 900 μg/cm2). Visual inspection of the gamma 
distribution fitted to the EC3 values of the non-reactive sensitisers shows 
that this is primarily due to the presence of one chemical (hexyl salic
ylate) classified as non-reactive by Derek Nexus and only marginally 
reactive by human experts (Table S1). Hexyl salicylate gives an unusu
ally strong response in the LLNA (EC3 = 45 μg/cm2) when compared to 
its (at worst) weakly sensitising results in humans. The no observed 
effect level in the Human Repeat Insult Patch Test (HRIPT) was the 
maximum tested dose of 35,433 μg/cm2 (Api et al., 2015), which is 
approximately 800-fold less potent than the LLNA outcome. Based on an 
analysis of the available human sensitisation data for hexyl salicylate, it 
was assigned to human potency category 4, defined as “substances that 
are rarely important clinical allergens, because they require consid
erable/prolonged exposure to higher dose levels to produce sensitisa
tion, which even then is unlikely to exceed 0.01% of those exposed” 
(Basketter et al., 2014). The discrepancy between the murine and human 

Table 1 
Comparison of the performance of both human and in silico reactivity classifiers 
against the original and expanded DST datasets.  

Reactivity 
classifier 

Dataset Accuracy Sensitivity Specificity Balanced 
accuracy 

Human 
expert 

Original 80.4% 86.0% 64.1% 75.1% 

Derek Nexus Original 80.2% 86.7% 60.9% 73.8% 
Derek Nexus Expanded 73.6% 85.4% 62.6% 74.0%  

Positive predictive value=
sensitivity × prevalence

(sensitivity × prevalence) + ([1 − specificity] × [1 − prevalence])
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data has been rationalised by suggesting that hexyl salicylate is a 
surface-active irritant (Roberts and Api, 2018), which would explain the 
apparent over-prediction of potency by the LLNA. Case reports 
describing allergic contact dermatitis to other salicylates are available, 
but rare (Miralles et al., 2015; Mortz et al., 2010; Shaw, 2006; Singh and 
Beck, 2007). The fact that Derek Nexus no longer predicts salicylates as 
sensitising is reflective of the evidence outlined above, alongside other 
available literature data for this class of chemicals (Montelius et al., 
1998; Spielmann et al., 2007). The disproportionate impact of this single 
chemical on the non-reactive DST can be seen by removing this chemical 
from the distribution; the resulting non-reactive DST derived from the 
remaining 35 non-reactive sensitisers would be 930 μg/cm2, which is 
almost identical to the previously published value of 900 μg/cm2. The 
hexyl salicylate example demonstrates the more general point that the 
non-reactive DST is more sensitive to potent outliers than the reactive 
DST, as these can have a large impact on the location of the 95th 
percentile within the tail of the gamma distribution. 

3.3. Comparing the original and expanded DST datasets 

Having established that Derek Nexus could be reliably used to clas
sify skin sensitisation reactivity, the two DST datasets were compared. 
The expanded dataset contained over three times as many chemicals as 
the original dataset (n = 1152 cf. n = 363), and the incidence of sen
sitisers within the two also differed significantly, with the original 
dataset skewed towards sensitisers (75:25) while the expanded dataset 
was approximately balanced (48:52). Consequently, the expanded 
dataset contained twice as many sensitisers as the original dataset (n =
556 cf. n = 271). Despite this, the overall EC3 distribution was com
parable to that derived from the original dataset (Fig. 1) (Safford et al., 
2011). This comparison corroborates earlier findings that the distribu
tion of known sensitisers is both stable and well-modelled using a 

gamma distribution (Safford, 2008; Safford et al., 2011). 
An analysis was conducted to compare the number of sensitisers 

falling into each mechanistic domain for each dataset, to highlight areas 
where additional data is now available (Table S3). Within the original 
dataset, 32% of the sensitisers were Michael acceptors (86/271), 18% 
were SN2-reactive (48/271), 16% Schiff base formers (43/271), 10% 
acyl transfer agents (28/271) and 1% SNAr-reactive (4/271). The 
remaining sensitisers were split between those classed as non-reactive 
by a human expert (n = 38), those having multiple domains (n = 3) 
and complex or special cases (n = 21). Within the expanded dataset, 
24% of the sensitisers were Michael acceptors (133/556), 21% were 
Schiff base formers (114/556), 20% SN2-reactive (110/556), 9% acyl 
transfer agents (52/556) and 4% SNAr-reactive (21/556). The remaining 
sensitisers were split between those classed as non-reactive by a human 
expert (n = 76), those having multiple domains (n = 31), nucleophilic 
sensitisers (n = 15) and complex or special cases (n = 4). Although the 
distribution of the five main mechanistic domains was broadly similar 
across the two datasets, the domains which saw the largest proportional 
increase in the number of sensitisers were the SNAr-reactive (5.3-fold 
increase), Schiff base (2.7-fold increase) and SN2-reactive (2.3-fold in
crease) domains. 

The performance of Derek Nexus in classifying the chemicals as 
reactive or non-reactive was compared for the two datasets (Table 1). 
The sensitivity remained essentially constant (85% cf. 87%) when 
increasing the size of the dataset from 363 to 1152 chemicals, as did the 
specificity (63% cf. 61%). One difference between the two datasets is the 
incidence of sensitisers within them, which has decreased from 75% to 
48%. While neither of these figures is representative of the true inci
dence of sensitisers in the known chemical universe (estimated at 20%, 
see Safford, 2008), when analysing binary classifiers, it is better to have 
a balanced dataset where possible, as this gives a more representative 
picture of the system’s performance (Wei and Dunbrack, 2013). 

Fig. 1. Comparison of the gamma distributions and corresponding DSTs for the sensitisers in the expanded DST dataset with those published for the original 
DST dataset. 
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A gamma distribution was fitted to the negative logarithm of the EC3 
values of the 475 reactive sensitisers in the expanded DST dataset 
(Fig. 1). By applying Equation (1) and using Derek Nexus’s calculated 
sensitivity and specificity values of 85% and 63%, the probability of a 
reactive chemical being a true sensitiser was calculated to be 36.3%. 
Given that by design, only 5% of chemicals are expected to have an EC3 
value below the reactive DST, the probability of a reactive chemical 
being a less potent sensitiser than the DST was calculated to be (1 – 
(0.05/0.363)) = 0.862. The EC3 value associated with the 86.2nd 
percentile of this gamma distribution was 58 μg/cm2. This value is only 
1.1-fold smaller than the previously calculated reactive DST of 64 μg/ 
cm2. Considering this is based on twice the number of chemicals found 
in the original dataset (n = 475 cf. n = 233), the fact that the resulting 
value is so close to the original value demonstrates the remarkable 
robustness of this threshold. 

A gamma distribution was also fitted to the negative logarithm of the 
EC3 values of the 81 non-reactive sensitisers in the expanded DST 
dataset (Fig. 1). The EC3 value associated with the 95th percentile of this 
gamma distribution was 570 μg/cm2. This value is 1.6-fold smaller than 
the previously calculated non-reactive DST of 900 μg/cm2. If the eight 
well-established false positive chemicals were not excluded from the 
expanded dataset (Table S1), the magnitude of the resulting non- 
reactive DST would have been similar (510 μg/cm2, calculation not 
shown). This information demonstrates that the decision to remove 
these chemicals from the dataset due to concerns about the quality of 
their biological data did not significantly impact the results of the 
research. However, the inclusion of the false positive hexyl salicylate 
would cause a slight reduction in the resulting DST. 

3.4. Updating the HPC rules 

As part of the exercise of comparing the original and expanded DST 
datasets, an analysis of the originally published High Potency Category 
rules (Roberts et al., 2015) was conducted to check that they could still 
identify those sensitisers with a potency expected to be below the 
reactive DST. The 556 sensitisers in the expanded DST dataset were 
manually assessed for reactivity and subsequently whether they should 
be classified as HPC, based on their chemical structure and an under
standing of their reactivity and (when required) lipophilicity. This 
analysis revealed several toxicophores in the expanded dataset which 
were not present in the original dataset, but which should be considered 
alerts for HPC chemicals (Table 2). As well as the inclusion of these new 
toxicophores in the updated HPC rule set, a few of the rules were 
amended by restricting the scope to remove a small number of sub
stituents that are no longer believed to cause a chemical to be HPC. This 
highlights the synergy that can be achieved between human and in silico 
expert knowledge and shows the importance of updating (in silico and 
human) expert knowledge as new data become available. The rule 
changes are described in further detail in the Supplementary 
Information. 

The resulting HPC rules were then encoded into Derek Nexus as 
structural alerts to enable the HPC classification also to be automated. 
The encoded HPC rules achieved the same classification as that of a 
human expert for 92% (511/556) of the structures. The most common 
reason for a difference in classification (n = 25) was that a chemical was 
classified as HPC by a human expert according to rule 9 (structural 
complexity), which, due to the subjective nature of this rule (repre
senting uncertainty about the reactivity of an unusual functional group), 
cannot be easily encoded within in silico expert system. 

As expected, the distribution of those chemicals classified as HPC 
was heavily skewed towards the more potent sensitisers, and most 
sensitisers with an EC3 value below the previously published reactive 
DST (64 μg/cm2) were classified as HPC (59/69, 86%). Almost every 
chemical identified as HPC (144/146, 99%) was also classified as 
reactive by Derek Nexus, although two chemicals were classified as HPC 
despite a lack of skin sensitisation alerts for reactivity. Therefore, a 
conservative approach was applied, and these chemicals were removed 
from the non-reactive domain and placed into the HPC domain for all 
future analysis. 

The analysis and subsequent modifications to the HPC rules show 
that these rules continue to be conservative and are almost always 
protective. The small number of potent sensitisers (n = 10) which were 
not classified as HPC are discussed in due course (Table 3). 

3.5. Using the expanded DST dataset and updated HPC rules to calculate 
updated Dermal Sensitisation Thresholds 

The HPC rules were created as a belt-and-braces approach to filter 
out very potent chemicals from the reactive domain after deriving the 
reactive DST, to ensure that it was suitably protective. In this study 
another opportunity to use them was identified, namely to separate the 
HPC chemicals from the non-HPC chemicals in the reactive domain prior 
to deriving the reactive DST, thus creating the following reactivity 
classifications: non-reactive, reactive (non-HPC), and HPC. From this 
position, three updated DSTs could be derived from the expanded 
dataset: a non-reactive DST based on those chemicals classified as non- 
reactive according to the skin sensitisation alerts in Derek Nexus; a 
reactive (non-HPC) DST based on those chemicals classified as reactive 
but not classified as HPC according to the High Potency Category rules in 
Derek Nexus; and an HPC DST, based on those chemicals classified as 
HPC. 

Classifying the 556 sensitisers in the expanded DST dataset using this 
approach led to 79 sensitisers falling into the non-reactive domain, 331 
sensitisers falling into the reactive (non-HPC) domain, and 146 sensi
tisers falling into the HPC domain. A gamma curve was fitted to each of 

Table 2 
Summary of minor updates to the HPC rules, based on analysis of the expanded 
DST dataset.  

HPC rule Summary of changes 

1 – Protein derivatisation agents Addition of carbodiimides. 
Addition of isothiazolinones. 
Addition of ortho-phthalaldehydes and 
other 1,4- and 1,5-dialdehyde and 
ketoaldehyde cross-linkers. 

2b – Direct acting Michael acceptors 
(with a single activating group) 

Exclusion of activated alkenes which do not 
have a beta-hydrogen. 

2c – Direct acting Michael acceptors 
(with more than one activating 
group) 

Addition of acetylenic aldehydes, ketones, 
esters and amides. 
Exclusion of activated alkenes which do not 
have a beta-hydrogen (unless in a strained 
ring). 

3a – Pro/pre-Michael acceptors Addition of aminopyrroles and 
aminopyrazines. 
Addition of 1,5-, 1,7-, and 2,6-diamino, 
dihydroxy and aminohydroxy naphthalenes 
and azo analogues. 
Specification that diaminobenzenes must 
have at least one primary/secondary amine. 

4a – Schiff base electrophiles Specification of distinct logP limits for 
different classes of 1,2-dicarbonyl. 

6a – SN2 electrophiles (benzylic 
halides and pseudohalides) 

Exclusion of alpha-halo carboxylic acids. 

6b – SN2 electrophiles (methylating 
agents) 

Addition of primary N-alkyl nitroso amido 
compounds. 

6c – SN2 electrophiles (special cases) Addition of nitrogen and sulphur mustards. 
Addition of suitably lipophilic activated 
epoxides. 

7a – SNAr electrophiles (with more 
than one activating group) 

Addition of 5-membered aromatic rings 
with two ortho activating groups (namely 
groups of equal or greater electronegativity 
than a nitro group and/or ring nitrogen 
atoms). 
Removal of thiols, aldehydes, ketones and 
substituted hydrocarbons from the list of 
allowed leaving groups.  
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Table 3 
The 16 sensitisers in the expanded dataset which have an EC3 value lower than the corresponding DST.  

Name CAS 
number 

Median EC3 
(μg/cm2) 

Class Comments 

Non-reactive sensitisers with an EC3 < 710 μg/cm2 

2,7-Naphthalenediol 582-17-2 700 Misclassification Classified as reactive by human expert judgement. The reaction chemistry 
of this compound is likely to be similar to that of resorcinol, where one OH 
group activates the carbon atom ortho to the other OH group, making the 
ortho carbon doubly activated as a nucleophilic and/or free radical reaction 
site. 

1,1’-(1,1,2,2-Tetramethyl-1,2-ethanediyl) 
bisbenzene 

1889-67-4 675 FP – impurity Likely to contain potent impurities. 

(1R,4S,4aR,8aS)-9-(Dichloromethylidene) 
octahydro-1,4-methanonaphthalene-5,8- 
dione 

1369500- 
14-0 

650 FP – impurity Likely to contain potent impurities (e.g., retro-Diels-Alder reactions forming 
benzoquinone or hydroquinone). 

Reactive (non-HPC) sensitisers with an EC3 < 73 μg/cm2 

2,6-Diaminopyridine 141-86-6 62.5 Complex Possible nucleophilic sensitiser, but complex chemistry is not obvious from 
inspection of the structure. 

3-Hydroxy-N-(2-methoxyphenyl)-2- 
naphthamide 

135-62-6 50 FP – irritant Structure suggests similar physical chemistry to hexyl salicylate, which is 
considered an LLNA FP with an EC3 below the reactive DST (Roberts and 
Api, 2018). 

N-(Oxiran-2-ylmethyl)aniline No CAS 47.5 Misclassification Classified as HPC by human expert judgement using rule 9, due to structural 
complexity. Oxidation of the NH–CH2 group would give glycidaldehyde 
which is predicted to be much more reactive (Roberts et al., 2017). 

Chlorpromazine, 
Chlorpromazine hydrochloride 

50-53-3, 
69-09-0 

35 Misclassification Classified as HPC by human expert judgement using rule 9, due to structural 
complexity. A rare case of a pro-Schiff base aliphatic amine being more 
potent than the reactive DST, likely because of the high lipophilicity of the 
prohapten, and the specific reaction chemistry of the resulting hapten 
malondialdehyde (Slatter et al., 2000). 

Trimethylolpropane triacrylate 15625-89- 
5 

17.71 Misclassification Classified as HPC by human expert judgement using rule 2b (MA with a 
single activating group). While a single reactive sub-structure CH2=CH–C 
(=O)- is not alone sufficient to trigger HPC classification, the presence of 
more than one such substructure is expected to enhance the potency due to 
their cross-linking ability. 

2-(3,4-Dimethylphenyl)-5-methyl-1,2-dihydro- 
3H-pyrazol-3-one 

18048-64- 
1 

14.25 Over-estimation of 
potency 

The potency (NICEATM, 2010) may be over-estimated due to extrapolation 
from the dose-response data (Ryan et al., 2007). Potency estimated to be 
~330 μg/cm2 using the probit extrapolation method (Roberts, 2015). For 
comparison, the very similar analogue 3-methyl-1-phenylpyrazolone has an 
EC3 value derived by linear interpolation which is two orders of magnitude 
higher, equal to 2125 μg/cm2 (Kern et al., 2010). 

1-Benzoylacetone 93-91-4 10 Unreliable LLNA 
data 

EC3 value seems extraordinarily low, and unfortunately the dose-response 
data is not available for interrogation (Ashikaga et al., 2010). For 
comparison, six very similar 1,3-diketone analogues have EC3 values three 
orders of magnitude higher, in the range 2075–7250 μg/cm2 (Gerberick 
et al., 2005). 

3,3′,4′,5-Tetrachlorosalicylanilide 1154-59-2 10 Misclassification Classified as HPC by human expert judgement using rule 9, due to structural 
complexity (Roberts et al., 2015). 

N-[(1R,2E,4S,6S)-1-methyl-4-(prop-1-en-2-yl)- 
7-oxabicyclo[4.1.0]heptan-2-ylidene] 
hydroxylamine, 
N-[(1S,2E,4S,6R)-1-methyl-4-(prop-1-en-2- 
yl)-7-oxabicyclo[4.1.0]heptan-2-ylidene] 
hydroxylamine 

No CAS 4.5 Misclassification Classified as HPC by human expert judgement using rule 9, due to structural 
complexity. Able to tautomerise to a nitroso-olefin, which would be a highly 
reactive Michael acceptor (Bergström et al., 2008). 

(4R,5S)-1,5-Dimethyl-3-(1-oxo-2-propenyl)-4- 
phenyl-2-imidazolidinone 

139109- 
23-2 

1.1 Misclassification Classified as HPC by human expert judgement using rule 9, due to structural 
complexity. Uncertainty about the electronegativity of the –C(=O)NHC=O 
activating group means that reactivity relative to known Michael acceptor 
sensitisers cannot be confidently predicted. 

HPC sensitisers with an EC3 < 1.0 μg/cm2 

4′-Hydroxychalcone 2657-25-2 0.40 Over-estimation of 
potency 

The potency (NICEATM, 2010) may be over-estimated due to extrapolation 
from the dose-response data (Ryan et al., 2007). Potency estimated to be 
~45 μg/cm2 using the probit extrapolation method (Nishijo et al., 2020;  
Roberts, 2015). 

4-Ethoxymethylene-2-phenyl-2-oxazolin-5-one 15646-46- 
5 

0.35 Very potent Exceptionally potent sensitiser (Loveless et al., 1996; NICEATM, 2010), 
suggested to be due to its particularly fast and diverse reaction chemistry ( 
Natsch et al., 2010). 

Benzo[a]pyrene 50-32-8 0.225 Over-estimation of 
potency 

The potency (Gerberick et al., 2005) may be over-estimated due to 
extrapolation from the dose-response data (Ryan et al., 2007). Potency 
estimated to be ~6 μg/cm2 using the probit extrapolation method (Roberts, 
2015).  
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these distributions to derive DSTs for each class of chemicals (Fig. 2). 
The updated non-reactive DST associated with the 95th percentile of 

the gamma distribution of the 79 non-reactive sensitisers was 710 μg/ 
cm2. This value is similar to, and only 1.3-fold smaller than, the previ
ously published non-reactive DST of 900 μg/cm2. Using the performance 
figures for the subset of the expanded dataset that was classified as non- 
HPC (sensitivity = 81%, specificity = 65%), the probability that an 
unknown chemical which is classed as non-reactive would be a sensitiser 
(i.e. 1 – negative predictive value) can be calculated to be 6.9% 
(Equation (2)). The probability of a non-reactive chemical having an 
experimental EC3 value less than 710 μg/cm2 is therefore 0.05 × 0.069 
= 0.0035, meaning that the updated non-reactive DST is 99.7% pro
tective (i.e., there is a 99.7% probability that a chemical classed as non- 
reactive will either be non-sensitising or have an EC3 value greater than 
710 μg/cm2).   

Equation (2). Calculation of the probability that a non-reactive 
chemical within the expanded DST dataset is a sensitiser. 

Similarly, the 95th percentile was taken from the gamma distribution 

of the 331 reactive (non-HPC) sensitisers. While the previously pub
lished reactive DST used the 86th percentile (calculated so that the 
overall DST would be 95% protective before the HPC rules were 
applied), the approach described above meant that a different percentile 
was now appropriate. To standardise with both the non-reactive and 
HPC DSTs, the 95th percentile was chosen, which was calculated to be 
73 μg/cm2. By applying Equation (1) and using the performance figures 
for the subset of the expanded dataset classified as non-HPC (sensitivity 
= 81%, specificity = 65%), the probability that an unknown chemical 
classed as reactive, but non-HPC would be a sensitiser was calculated to 
be 36.4%. The probability of a reactive (non-HPC) chemical having an 
experimental EC3 value less than 73 μg/cm2 is therefore 0.05 × 0.364 =
0.0182, meaning that the updated non-reactive DST is 98.2% protective. 

Finally, the 95th percentile was also taken from the gamma distri
bution of the 146 HPC sensitisers, giving an updated HPC DST of 1.0 μg/ 

cm2. This value is similar to, and only 1.5-fold smaller than, the previ
ously published HPC DST of 1.5 μg/cm2. By applying Equation (1) and 
using the performance figures for the subset of the expanded dataset 
classified as HPC (sensitivity = 99%, specificity = 37%), the probability 
that an unknown chemical classed as HPC would be a sensitiser can be 

Fig. 2. Gamma distributions and updated DSTs for non-reactive, reactive (non-HPC), and HPC sensitisers based on the expanded DST dataset.  

1 − negative predictive value=
specificity × (1 − prevalence)

([1 − sensitivity] × prevalence) + (specificity × [1 − prevalence])

= 1 −
0.645 × (1 − 0.2)

([1 − 0.807] × 0.2) + (0.645 × [1 − 0.2])
= 1 −

0.516
0.039 + 0.516

= 1 − 0.931= 0.069   
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calculated to be 28.1%. Therefore, the probability of an HPC chemical 
having an experimental EC3 value less than 1.0 μg/cm2 is 0.05 × 0.281 
= 0.0141, meaning that the updated non-reactive DST is 98.6% 
protective. 

Across the expanded DST dataset, there were 16 sensitisers that have 
an EC3 value below their corresponding DST, which were therefore 
investigated further to see if the discrepancies could be rationalised 
(Table 3). Of the three non-reactive sensitisers with an EC3 value below 
the updated non-reactive DST, two are suspected of containing strongly 
sensitising impurities, while one represents a potential knowledge gap in 
Derek Nexus. 

For the 10 reactive (non-HPC) sensitisers that have an EC3 value 
below the reactive (non-HPC) DST, a rationale for the lack of HPC pre
diction by Derek Nexus could be provided for four of them: one is likely 
to be a false positive response in the LLNA, one has a potency value 
which is likely to be over-estimated based on inappropriate extrapola
tion from the dose-response data (Ryan et al., 2007), one has an unre
liable EC3 value based on a comparison to known analogues, and one 
represents complex chemistries that are not immediately obvious to a 
human expert or an in silico expert system alike. The remaining six 
chemicals represent cases where a human expert would be likely to 
conclude HPC, but Derek Nexus has not; five of these were based on the 
use of HPC rule 9 due to structural complexity. The inability to easily 
encode such a rule into an in silico expert system is one of the limitations 
of such automation, as described previously. This could be mitigated by 
including an additional human expert review of those chemicals clas
sified as reactive but not HPC, to judge whether they should be reclas
sified as HPC based on any inherent structural complexity. 

Three HPC sensitisers have such an extreme skin sensitisation po
tency that their EC3 value is below the updated HPC DST. Upon inves
tigation, two of these have a potency value that may be over-estimated 
or miscalculated based on extrapolating from the dose-response data 
(Ryan et al., 2007), supported by additional potency estimates using the 
probit extrapolation method (Roberts, 2015). The remaining chemical, 
4-ethoxymethylene-2-phenyl-2-oxazolin-5-one, has a remarkably low 
EC3 value of 0.35 μg/cm2 derived by linear interpolation. It has been 
suggested that the extreme potency of this chemical is due to its 
particular reaction chemistry, which is both very fast and diverse 
(Natsch et al., 2010). 

A fuller understanding of the individual reasons why these murine 
sensitisers are mispredicted may emerge over time as new chemistry 
knowledge and/or experimental data becomes available, which in turn 
should enable further refinement of the DST values. 

Finally, there are two questions that a user of the DST approach may 
well ask of this research:  

1.) Which set of DST values should be used, given that the updated 
values differ to the previously published values?  

2.) How should a chemical be assigned to its correct reactivity class, 
to select the appropriate DST? 

In answer to the first question, the similarity of the updated DST 
values to the original values (between 1.1- and 1.5-fold difference) 
shows that the broad trends previously published, that enabled the likely 
potency of non-reactive, reactive, and HPC chemicals to be differenti
ated, have not changed significantly. Based on the available LLNA data, 
the potency range of known sensitisers can encompass at least five or
ders of magnitude (Gerberick et al., 2005; Kern et al., 2010). Practically, 
the small changes to the DST values based on the expanded dataset can 
be considered physiologically insignificant in a Quantitative Risk 
Assessment. While the non-reactive and HPC DST values have reduced 
slightly in this updated analysis, meaning that their use will result in 
slightly stricter thresholds within a risk assessment, the recommenda
tion would be to employ these DST values going forwards. This is based 
on the consideration that, as the dataset they are derived from is three 
times larger than the original DST dataset (and contains twice as many 

sensitisers), the thresholds derived from it are likely to be more repre
sentative of the wider chemical universe, and therefore more robust and 
ultimately more protective of human health. 

In answer to the second question, this study has described how the 
reactivity classification can be automated using the skin sensitisation 
and HPC alerts encoded in the in silico expert system Derek Nexus. It is 
hoped that this will be a useful option for many who want to use the DST 
approach, although it is of course not the only option. A human expert 
can equally apply the skin sensitisation reactivity domains and HPC 
rules to a new chemical, other in silico tools are available to classify 
sensitisation reactivity, and if necessary experimental chemistry can be 
applied to assess the nature and degree of reactivity for a difficult-to- 
classify substance. In practice, in silico expert knowledge and human 
expert judgment often come to the same conclusion (as demonstrated in 
this study). However, rather than seeing these different approaches to 
reactivity classification as mutually exclusive, they could in fact be 
complementary; with in silico expert knowledge, human expert judge
ment and experimental chemistry all being viable options to be used 
alone, or in combination, to help assign the most appropriate DST value 
to a chemical of unknown reactivity and unknown sensitisation 
potential. 

4. Conclusions 

This study has shown that Derek Nexus is a suitable in silico reactivity 
classifier which can be used to calculate Dermal Sensitisation Thresh
olds. The performance of Derek Nexus against the original DST dataset 
was very similar to that of human experts, and the recalculated DSTs 
based on this dataset were also similar, once a particularly impactful 
false positive outlier (hexyl salicylate) had been removed. As imple
mented in Derek Nexus, the updated HPC alerts are shown to be suitable 
for identifying high potency sensitisers. 

The expanded DST dataset created during this study showed a similar 
overall EC3 distribution to that of the original DST dataset, despite 
containing twice as many sensitisers. This similarity demonstrates that 
the reported gamma distribution continues to be representative of the 
potency of known skin sensitisers found in the public domain. 

By using Derek Nexus to classify the sensitisers in the expanded DST 
dataset, three updated DSTs have been derived: a non-reactive DST of 
710 μg/cm2 based on 79 chemicals, a reactive (non-HPC) DST of 73 μg/ 
cm2 based on 331 chemicals, and an HPC DST of 1.0 μg/cm2 based on 
146 chemicals. The proximity of the updated non-reactive and HPC 
DSTs to the previously published values highlights the robustness of 
these thresholds, even though the expanded DST dataset contains over 
three times as many chemicals. The updated reactive (non-HPC) DST 
complements the previously published reactive DST, as although they 
are derived in different manners, the actual values are very similar to 
each other and should be able to be used interchangeably. In those rare 
cases where a chemical in the expanded dataset has an EC3 value lower 
than the corresponding DST, this can often be rationalised (e.g., due to 
impurities in the sample tested or unreliable interpretation of the LLNA 
dose-response data), although occasional gaps within the knowledge 
base of the in silico expert system were also observed. Calculations 
showed that the probability of a chemical being less potent than the 
relevant DST was very high in all cases (98.2–99.7%), thus giving con
fidence that this updated approach remains highly protective of human 
health. 

The analysis of the expanded dataset supports the robustness of the 
DST thresholds and should increase confidence in the protectiveness of 
these methods. Furthermore, the use of Derek Nexus as an in silico 
reactivity classifier provides a reproducible, scalable and accessible 
approach to applying the updated DSTs within a Quantitative Risk 
Assessment for skin sensitisation. 
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