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A B S T R A C T

A decision tree-based defined approach (DA) has been designed using exclusion criteria based on applicability
domain knowledge of in chemico/in vitro information sources covering key events 1–3 in the skin sensitisation
adverse outcome pathway and an in silico tool predicting the adverse outcome (Derek Nexus). The hypothesis is
that using exclusion criteria to de-prioritise less applicable assays and/or in silico outcomes produces a rational,
transparent, and reliable DA for the prediction of skin sensitisation potential. Five exclusion criteria have been
established: Derek Nexus reasoning level, Derek Nexus negative prediction, metabolism, lipophilicity, and ly-
sine-reactivity. These are used to prioritise the most suitable information sources for a given chemical and results
from which are used in a ‘2 out of 3’ approach to provide a prediction of hazard. A potency category (and
corresponding GHS classification) is then assigned using a k-Nearest Neighbours model containing human and
LLNA data. The DA correctly identified the hazard (sensitiser/non-sensitiser) for 85% and 86% of a dataset with
reference LLNA and human data. The correct potency category was identified for 59% and 68% of chemicals,
and the GHS classification accurately predicted for 73% and 76% with reference LLNA and human data, re-
spectively.

1. Introduction

Allergic contact dermatitis is a common skin reaction which may
occur after exposure to a sensitising chemical. The skin sensitisation
potential of such chemicals has traditionally been assessed using in vivo
animal tests such as the murine local lymph node assay (LLNA) (OECD,
2010), the guinea pig maximisation test (GPMT) (OECD, 1992), and the
Buehler test (OECD, 1992). However, there has been a considerable
shift towards the use of non-animal alternatives due to animal welfare
concerns and regulatory requirements which aim to restrict or even
prohibit the use of animals to predict this endpoint (Environmental
Protection Agency, 2018; European Union, 2009, 2006). Skin sensiti-
sation has a well-understood adverse outcome pathway (AOP) con-
sisting of four key events (KE) (OECD, 2012) and a number of in chemico
and in vitro assays have been developed to measure individual KE.
Several of these assays have been validated and adopted by the OECD
with the publication of corresponding Test Guidelines. The direct
peptide reactivity assay (DPRA) measures covalent binding of electro-
philic substances to nucleophilic centres in skin proteins using synthetic
model peptides containing either lysine or cysteine (OECD, 2015). This

equates to key event 1 (KE1), which is also the molecular initiating
event (MIE) for the AOP. The KeratinoSens™ and LuSens assays measure
key event 2 (KE2), the activation of keratinocytes and inflammatory
responses. These assays use luciferase activity to determine the Nrf2-
mediated activation of antioxidant response element (ARE)-dependent
genes in a human keratinocyte-derived cell line with a luciferase re-
porter gene (OECD, 2018a). The human cell line activation test (h-
CLAT) and the U-SENS™ assay measure key event 3 (KE3), dendritic cell
activation by measuring changes in the expression of cell surface
markers (CD86 and/or CD54) associated with the process in the human
leukaemia cell line THP-1 (h-CLAT) or the human lymphoma cell line
U937 (U-SENS™). The IL-8 Luc assay also measures KE3 but does this by
quantifying changes in the expression of IL-8, a cytokine thought to be
associated with dendritic cell activation (OECD, 2018b).

The current regulatory paradigm is that a single non-animal assay is
unlikely to be a sufficient stand-alone replacement for the current ‘gold
standard’ in vivo assays, the LLNA and the GPMT. Instead, the focus has
been on combining multiple information sources (e.g. physicochemical
properties, read-across, in silico expert/(Q)SAR predictions, in chemico
and in vitro tests, historical in vivo data) to predict skin sensitisation
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potential in what is known as a defined approach (DA) (OECD, 2016a)
(Fig. 1). Many diverse DA have been published and are reported to
predict skin sensitisation potential with an accuracy comparable to that
of the traditional in vivo tests (OECD, 2016b).

The DA described herein builds on previous work (Macmillan et al.,
2016) which used a Derek Nexus (Derek) prediction in combination
with up to two additional in chemico/in vitro assays, and a global ap-
plicability domain (excluding pre/prohaptens and/or chemicals with a
logP > 3.5) to predict skin sensitisation hazard.

Derek, an expert knowledge-based system for toxicity predictions, is
considered to cover multiple KE in the skin sensitisation AOP:

• Pre-MIE & MIE/KE1 - Derek can fire an alert for directly acting
(haptens) and indirectly acting sensitisers (prehaptens and pro-
haptens). Derek can also provide a prediction for a chemical re-
gardless of logP.

• Key event 4 and the adverse outcome - Derek skin sensitisation
alerts are created from public and proprietary animal and human
toxicity data. The animal data consists primarily of mouse assays
(e.g. LLNA) and guinea pig assays (e.g. GPMT and Buehler test),
which measure KE4 and the adverse outcome, respectively. Data
from human assays, which also assess the adverse outcome, are also
used in Derek alerts.

Accordingly, the hypothesis is that Derek can be a valuable addition
to a defined approach and complement in chemico and in vitro data. In
the DA, five specific exclusion criteria have now been established, based
on the applicability domain of Derek predictions and the in chemico/in
vitro assays used, and are used to prioritise the information sources in
Fig. 1. Results from the prioritised information sources are then used in
a decision tree to predict the hazard (sensitiser/non-sensitiser) and
subsequently the potency (potency category/GHS classification) of a
given chemical.

2. Material and methods

2.1. Derek Nexus

Derek Nexus 6.0.1 (using Knowledge Base 2018 1.1), an expert
knowledge-based system for toxicity predictions containing structural

alerts derived from both public and proprietary data, was used to
provide information and generate predictions for each chemical:

(1) Derek outcome: If a skin sensitisation alert was activated with a
reasoning level of certain, probable, or plausible, the chemical was
considered to be a sensitiser. Chemicals firing an alert with a rea-
soning level of doubted, improbable, or impossible and chemicals
with a negative prediction of non-sensitiser with no misclassified or
unclassified features were considered as non-sensitisers. Where a
chemical activated an alert with a reasoning level of equivocal, or
gave a negative prediction of non-sensitiser with misclassified fea-
tures, or a non-sensitiser with unclassified features, the in silico
outcome was not considered further in the DA.

(2) Metabolic activation: Alerting chemicals were assigned as ex-
clusively prohaptens when the corresponding potential mechanism
summary in the Derek Nexus alert description contained only a
prohapten mechanism for skin sensitisation (Fig. 2). Where multiple
mechanisms were possible (prehaptens or prohaptens) or where the
mechanism was undefined (e.g. pre/prohapten) no assignment was
made as transformation to the hapten may be achieved through the
prehapten mechanism.

(3) LogP: The logP was used as calculated from Derek Nexus using the
ClogP method from BioByte Corp., version 5.9.

(4) Lysine-reactivity: Alerting chemicals were deemed to be lysine-
reactive when the potential mechanism summary in Derek Nexus
contained a mechanism in the acyl transfer domain (i.e. acylating,
thioacylating, carbamylating, thiocarbamylating, and sulphony-
lating agents (Aptula and Roberts, 2006)) (Fig. 3).

2.2. Potency prediction model used in the DA

2.2.1. Human data
The human data used in the potency prediction model was taken

Fig. 1. The adverse outcome pathway (AOP) for skin sensitisation initiated by covalent binding to proteins, reproduced from (OECD, 2012). Key events (KE) in the
AOP and corresponding assays/models which measure these are shown. Information from these assays/models can be combined in a defined approach to predict skin
sensitisation without the use of animal tests.

Fig. 2. Screenshot of Derek alert comments showing the class of sensitiser
(hapten/prehapten/prohapten).
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from Basketter et al., (2014) (n=131) and Api et al., (2017) (n=89).
The datasets were combined, and chemicals known to be undefined
mixtures and/or polymers (Basketter et al., 2014 - peru balsam, pet-
rolatum, dextran, tween 80; Api et al., 2017 - tea leaf absolute, oak-
moss, jasmine absolute (jasminum grandiflorum), treemoss, jasmine
absolute (jasminum sambac), ylang-ylang) were removed. The dataset
was standardised (e.g. by ensuring consistent aromaticity perception
and removing any tetrahedral stereochemistry) and curated (e.g. by
removing counterions from salts) before being grouped by InChi string
to give 203 unique chemicals with human potency categories.

2.2.2. LLNA data
The LLNA dataset was taken from the Derek EC3 Model - 1.2.0 in

Derek 6.0.1 and consisted of 1069 publicly available LLNA studies
corresponding to 674 unique chemicals (Canipa et al., 2017). The EC3
values were then mapped to the equivalent human potency categories
(Table 1) based on previously suggested EC3 ranges (Basketter, 2016)
to give LLNA-derived potency categories.

2.2.3. Combining human and LLNA data
The curated human data (n=203) were added to the LLNA data

(n=674) to give a dataset of 877 chemicals. These were grouped by
InChi string to ensure that each structure was represented only once in
the dataset (n=761). Where a human potency category and an LLNA-
derived potency category was available for a single chemical, the
human potency category was given precedence. Next, chemicals acti-
vating more than one skin sensitisation alert (n=48) were removed (to
prevent uncertainty arising from competing toxicophores with differing
potencies) and non-alerting chemicals (n=205) were also removed (as
the model only predicts a potency category for chemicals activating a
Derek alert). Finally, two multicomponent chemicals were removed
(Fig. 4).

Overall, the dataset used for the potency prediction model in the DA
consisted of 506 unique chemicals, 35 with human potency category
data, 390 with LLNA-derived potency category data, and 81 with data
for both species. 55 chemicals were assigned as potency category 1, 103
as potency category 2, 185 chemicals as potency category 3, 76 che-
micals as potency category 4, 84 chemicals as potency category 5, and 3
chemicals as potency category 6.

2.2.4. Methodology of potency prediction model
The model uses a k-Nearest Neighbours approach as described in

Canipa et al. (2017) but was generalised to deal with discrete potency
categories of 1–6 rather than continuous EC3 values. For chemicals that
fired a Derek skin sensitisation alert, Nearest Neighbours in the same
alert domain (i.e. firing the same Derek skin sensitisation alert) were
selected as they are believed to act through the same mechanism.

When an alerting chemical was predicted to be a sensitiser by the
DA, the potency categories of the most similar Nearest Neighbours in
the potency prediction dataset (as judged by the Tanimoto index)
within the same alert domain were used to predict the potency of the
chemical used in the DA. A minimum of 3 and maximum of 10 of the
most similar Nearest Neighbours were used to make a prediction
(Fig. 5). A leave-one-out approach was used for all potency predictions
to minimise any inflation of the predictivity from chemicals in the
dataset used to evaluate the DA also being present in the potency
prediction dataset.

Fig. 3. Screenshot of Derek alert comments showing the mechanism believed to
induce skin sensitisation.

Table 1
Mapping of human potency categories to GHS classifications and EC3 values.

Human potency
category

Human potency
category name

GHS classification Equivalent EC3
value (%)

1 Extreme 1A <0.2
2 Strong < 2
3 Moderate 1B 2–20
4 Weak >20
5 Very weak No category > 80
6 Non-sensitiser negative

Fig. 4. Schematic showing combination of human data with mouse data to
produce the combined dataset used in the potency prediction model of the DA.

Fig. 5. Example of 10 Nearest Neighbours used in a typical potency prediction
in the DA.
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The harmonic mean of the potency categories of these Nearest
Neighbours was then calculated, weighted by their similarity to the
query chemical to provide a predicted potency category which is likely
to be expressed as a decimal. To maximise protection of human health,
this was rounded down to the closest potency category and then cor-
responding GHS classification (Equation (1)).

=
∑ ∗

∑
Potency category

Tanimoto Potency category
Tanimoto

( )
predicted

NN

(1)

Equation (1). Potency prediction equation using the weighted
average of Nearest Neighbours as calculated by Tanimoto scoring. NN
= Nearest Neighbour.

2.3. Evaluation dataset

The DA was evaluated using a dataset of 213 previously published
chemicals with human, LLNA, DPRA, KeratinoSens™, LuSens, and h-
CLAT data (Urbisch et al., 2015). The corresponding U-SENS data
(n=126) was added, where available (Alépée et al., 2017; Bufalo et al.,
2018; Hoffmann et al., 2018).

The dataset was standardised (e.g. by ensuring consistent ar-
omaticity perception and removing any tetrahedral stereochemistry)
and curated (e.g. by removing counterions from salts). The resulting
chemical structures were then grouped by their InChI string to ensure
that each structure was represented only once in the dataset. The DPRA
data was used to assess KE1 (the MIE), and assays designed to measure
the same KE (KeratinoSens™ & LuSens - KE2; h-CLAT & U-SENS™ - KE3)
were combined into an overall call for each KE (Fig. 6).

2.3.1. Human
Urbisch and co-workers (Urbisch et al., 2015) used both HMT/

HRIPT assay data and expert-derived human potency categories to
derive an overall human call of sensitiser or non-sensitiser for 111
chemicals. One chemical, glutaraldehyde was noted to contain a typo-
graphical error in the human potency category which was corrected -
from category 1 to the correct category of 2, as reported by the original
authors (Basketter et al., 2014). Ethyl acrylate was reported as a human
potency category 4 chemical by Urbisch et al. (2015) based on the data
provided in Basketter et al., (2014). This was later amended to category
3 in Api et al. (2017), and the result updated accordingly in the eva-
luation dataset. The human call and the human potency category were
removed for 3 chemicals reported as borderline (amyl cinnamic alde-
hyde, hexyl cinnamic aldehyde, 6-methyl coumarin) and for 3 chemi-
cals with ambiguous structures (benzalkonium chloride, Dextran, and
Tween 80). Finally, where the binary human call assigned by Urbisch
and co-workers and the human potency category conflicted (linalool,
hexyl salicylate, pentachlorophenol, benzaldehyde), the binary human

call was taken (as this also considered additional human data). As a
result, the human potency data were removed for the chemicals with a
positive human call, and re-assigned as human potency category 5/6 for
the two chemicals with a negative human call (Table 2). 108 chemicals
with human sensitisation data remained.

2.3.2. LLNA
The LLNA data was obtained from Urbisch et al. (2015). Data for

210 chemicals were available after the removal of data for 3 chemicals
with ambiguous structures (benzalkonium chloride, Dextran, and
Tween 80). Where more than one EC3 value was reported the median
value was calculated. Non-integer EC3 values (e.g. > 25) were re-
moved from the dataset. The EC3 values were used to map each che-
mical to an LLNA-derived potency category and corresponding GHS
classification (Table 1). Where the LLNA call conflicted with the LLNA-
derived potency category, the LLNA category was amended (Table 3).

2.3.3. Direct peptide reactivity assay (DPRA)
The DPRA data was obtained from Urbisch et al. (2015). Data for

192 chemicals was available after the removal of data for 5 chemicals
with borderline results (ethylene diamine, imidazolidinyl urea, salicylic
acid, sodium lauryl sulfate, vanillin) and two chemicals with ambiguous
structures (benzalkonium chloride and Tween 80).

2.3.4. KeratinoSens™
The KeratinoSens™ data was obtained from Urbisch et al. (2015).

Data for 184 chemicals was available after the removal of data for 3
chemicals with borderline results (amyl cinnamic aldehyde, hexyl cin-
namic aldehyde, zinc sulfate), and 8 chemicals with discordant data (4-
allylanisole, aniline, eugenol, methyl methacrylate, n-hexane, nickel
chloride, tartaric acid, vanillin), and 3 chemicals with ambiguous
structures (benzalkonium chloride, Dextran, and Tween 80).

2.3.5. LuSens
The LuSens data was obtained from Urbisch et al. (2015). Data for

77 chemicals was available after the removal of data for 1 chemical
with an inconclusive result (dioctyl carbonate) and 1 chemical with an
ambiguous structure (Tween 80).

2.3.6. h-CLAT
The h-CLAT data was obtained from Urbisch et al. (2015). Data was

available for 163 chemicals after the removal of data for 3 chemicals
with ambiguous structures (benzalkonium chloride, Dextran, and
Tween 80).

2.3.7. U-SENS™
The U-SENS™ data was obtained from Alépée et al., 2017); Bufalo

et al. (2018); and Hoffmann et al., 2018. Data was available for 123
chemicals after the removal of data for 3 chemicals with ambiguous
structures (benzalkonium chloride, Dextran, and Tween 80).

2.3.8. Grouping of in vivo/in chemico/in vitro data into AOP key events
Data from in chemico and in vitro assays designed to measure the

same KE in the skin sensitisation AOP were combined. Discordant re-
sults were removed from the dataset (e.g. positive in h-CLAT, negative
in U-SENS™) and not considered in further analyses.

2.3.9. Distribution and overlap of dataset
The final composition of the data set is described in Table 4. Data

for assays measuring the same KE (KE2: KeratinoSens™ & LuSens; KE3:
h-CLAT & U-SENS™) were combined and discordant data removed
(KE2: 5 chemicals; KE3: 28 chemicals). LLNA data was available for all
chemicals whereas human data was only available for 100, 103 and 90
chemicals with KE1, KE2, and KE3 data, respectively. The majority of
chemicals (60%) had data covering all of the first 3 KE; 35% and 5% of
chemicals had data for only 2 or 1 KE, respectively (Fig. 7). One

Fig. 6. Combination and curation of in vivo, in chemico, and in vitro data used to
evaluate the DA.
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chemical, 12-bromo-1-dodecanol, had no data for KE1 or KE2 and
discordant data for KE3 and could not be used to evaluate the DA.

2.4. Data evaluation and statistics

To assess the performance of the DA against skin sensitisation ha-
zard predictions (sensitiser/non-sensitiser) the evaluation dataset was
first processed in Derek Nexus 6.0.1 against the endpoint of skin sen-
sitisation. Tautomer and mixture perception were unselected. All data
analysis was carried out using KNIME 3.5.3 or MS Excel 2016 and
Cooper statistics were calculated as follows (Cooper et al., 1979):

• Accuracy (Acc): ([TP + TN]/[TP + FP + TN + FN]) *100

• Sensitivity (Se): (TP/[TP + FN]) * 100

• Specificity (Sp): (TN/[TN + FP]) * 100

• Positive predictivity (PP): (TP/[TP + FP]) * 100

• Negative predictivity (NP): (TN/[TN + FN]) * 100

• Coverage (Cov): (number of compounds predicted/total number of
chemicals in dataset) * 100

The performance of the DA potency prediction was assessed using
the following performance metrics:

• % Correctly predicted: when the predicted and experimental clas-
sification were identical.

• % Over-predicted: when the predicted potency classification was
more potent (i.e. a stronger sensitiser) than the experimental clas-
sification.

• % Under-predicted: when the predicted potency classification was
less potent (i.e. a weaker sensitiser) than the experimental classifi-
cation.

3. Results and discussion

3.1. Interchangeabilities

3.1.1. Between assays covering the same key event
The KeratinoSens™ and LuSens assays address the second KE in the

skin sensitisation AOP, activation of keratinocytes, and are described in
detail in Key Event Based Test Guideline 442D (OECD, 2018a). The h-
CLAT and U-SENS™ assays measure the third KE, activation of dendritic
cells, and are described in Key Event Based Test Guidelines 442E
(OECD, 2018b). Both Test Guidelines state that results from the assays
within can be used interchangeably to fulfil an information requirement

Table 2
Amendments made to published human data when curating the evaluation dataset. For the human call 0= negative, 1= positive.

CAS Name Human call Human potency category Comment

122-40-7 Amyl cinnamic aldehyde borderline 4 Human call and human potency category removed
101-86-0 Hexyl cinnamic aldehyde borderline 5 Human call and human potency category removed
92-48-8 6-Methylcoumarin borderline No data Human call removed
78-70-6 Linalool 0 4 Human potency category re-assigned as 5/6
6259-76-3 Hexyl salicylate 0 4 Human potency category re-assigned as 5/6
87-86-5 Pentachlorophenol 1 5 Human potency category removed
100-52-7 Benzaldehyde 1 5 Human potency category removed

Table 3
Amendments made to published LLNA data when curating the evaluation dataset. For the LLNA call 0= negative, 1=positive.

CAS Name LLNA call EC3 (%) LLNA-derived potency category Comment

80-62-6 Methylmethacrylate 1 90.0 5 LLNA call amended to 0
62-53-3 Aniline 1 89.0 5 LLNA call amended to 0
1330-20-7 Xylene 1 95.8 5 LLNA call amended to 0

Table 4
Dataset used to evaluate the DA consisting of in vivo data and in chemico/in vitro data for assays measuring KE1-4 and the AO in the skin sensitisation AOP.

Key Event (KE) Assay Positive Negative Assay total Discordant data upon KE combination KE total

1/MIE DPRA 120 72 192 n/a 192
2 KeratinoSens™ 122 62 184 5 195

LuSens 45 32 77
3 h-CLAT 113 50 163 28 147

U-SENS™ 98 25 123
4 LLNA 151 59 210 n/a 210
AO Human 75 33 108 n/a 108

Fig. 7. Overlap of chemicals with in chemico and in vitro assay data measuring
KE1 (MIE), KE2, and KE3 after removal of discordant data.
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for each KE, even though slightly different protocols and readouts are
carried out and obtained from each. Consequently, it was decided to
combine the data from assays designed to measure the same KE to in-
crease the size of the respective data pools and to simplify the DA.

Prior to grouping the assay data by KE for the DA, the inter-
changeability of the assays was evaluated. The KeratinoSens™ and
LuSens assays have been reported as functionally equal (Ramirez et al.,
2016) and a comparison of the data used in the evaluation dataset has
already been reported (Urbisch et al., 2015). However, as the dataset
described in the present paper has had some additional curation the
equivalence between the assays was re-assessed. Although there is over
twice the amount of data for KeratinoSens™ than for LuSens the assays
show nearly identical performance, correctly predicting the skin sen-
sitisation potential for 74% (136/184) and 75% (58/77) of chemicals
with corresponding LLNA data, and 83% (82/99) and 82% (49/60)
with corresponding human data in the evaluation dataset. A subset of
61 chemicals were tested in both the KeratinoSens™ and LuSens assays,
with a concordance of 92% (56/61 with the same outcome). Of the 5
chemicals with discordant data, 5/5 were correctly predicted by the
KeratinoSens™ and 0/5 by the LuSens assay when compared against
LLNA data. Only four of the chemicals with discordant KE2 data had
corresponding human data, where the KeratinoSens™ assay was more
often correct (3/4). The KeratinoSens™ and LuSens data were com-
bined, and after removal of data with discordant results, data from
assays measuring KE2 correctly predicted 74% of chemicals with LLNA
data and 83% with human data (Fig. 8).

The h-CLAT and U-SENS™ assays correctly predict the skin sensiti-
sation potential for 74% (121/163) and 83% (102/123) of chemicals
with corresponding LLNA data, and 81% (77/95) and 82% (75/91)
with corresponding human data in the evaluation dataset. The con-
cordance between a subset of 111 chemicals with data for both assays
was 75% (83/111 with the same outcome) (Fig. 8). Of the 28 chemicals
with discordant data, 36% (10/28) were correctly predicted by the h-
CLAT and 64% (18/28) by the U-SENS™ assay when compared against
LLNA data. Only thirteen of the chemicals with discordant KE3 data had
corresponding human data, and each assay was correct approximately
half of the time (h-CLAT (6/13) and U-SENS™ (7/13). The h-CLAT and
U-SENS™ data were combined, and after removal of data with dis-
cordant results, data from assays measuring KE3 correctly predicted

82% of chemicals with LLNA data and 88% with human data.
Overall, the intra-KE concordance is reasonable considering the

assays have individual protocols - and are reported to have similar
limitations and applicability domains. This indicates that a KE-based
approach (i.e. where an assay measuring a single KE can be exchanged
for another assay measuring the same KE) can be used instead of a
specific assay-based approach. Therefore, there should be no restriction
in the future for the inclusion other ‘me-too’ assays within their related
KE in the DA, assuming they measure the KE in a similar manner.

3.2. Establishing exclusion criteria

The DA consists of a decision tree, built on previously published
work (Macmillan et al., 2016). The original DA used a Derek prediction
in combination with up to two additional in chemico/in vitro assays,
using a global applicability domain (where pre/prohaptens and/or
chemicals with a logP > 3.5 were considered to be outside the domain
of every in chemico/in vitro assay). Now, five specific rule-based ex-
clusion criteria have been hypothesised using the recognised limitations
and applicability domain restrictions associated with the individual
information sources:

• Derek reasoning level

• Derek negative prediction outcome

• Metabolic activation

• Lipophilicity

• Lysine-reactivity

When a chemical matches an exclusion criterion, an assay or pre-
diction outcome is de-prioritised, and thus not used in the DA.

3.2.1. Derek reasoning level
For alerting chemicals, the reasoning level provided by Derek is

generally associated with the proportion of compounds thought to be
active within a given alert. This measure of confidence is expressed
using the terms certain, probable, plausible, equivocal, doubted, im-
probable, and impossible. An alert firing with a reasoning level of
equivocal has approximately an equal weight of evidence for and
against skin sensitisation potential whereas other reasoning levels are

Fig. 8. Combination of assays measuring KE2 and KE3. Acc= accuracy, Con= concordance.
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associated with more confidence (Judson et al., 2013). As a result of the
reduced confidence in a Derek prediction of equivocal, chemicals firing
an alert with this reasoning level were de-prioritised and thus not used
in the DA.

3.2.2. Derek negative prediction outcome
For non-alerting chemicals, Derek identifies features that are asso-

ciated with mispredicted sensitisers (misclassified features) and novel
chemistry (unclassified features), which can modulate the confidence
placed in a negative prediction. It is beyond the scope of this paper to
go into the methodology used in detail but these features, although
rarely observed, may represent sources of uncertainty for the model
(Chilton et al., 2018). Therefore, a negative prediction of non-sensitiser
containing misclassified and/or unclassified features was de-prioritised.

3.2.3. Metabolic activation
Some chemicals do not act directly as sensitisers and may require

prior activation, known as prehaptens (chemicals requiring non-enzy-
matic activation, e.g. autoxidation) and prohaptens (chemicals re-
quiring metabolic activation). However, which process occurs may not
be known or cannot always be differentiated, which can make it diffi-
cult to assess whether in chemico and in vitro assays adequately predict
these chemicals. The in chemico DPRA assay is generally thought to
provide reliable predictions for prehaptens but less so for prohaptens, as
described by the KE1 OECD Test Guideline (OECD, 2015) and reported
elsewhere (Casati et al., 2016; Patlewicz et al., 2016; Urbisch et al.,
2016), due to a lack of metabolic capacity in the assay. Conversely, cell-
based assays measuring KE2 and KE3 have some intrinsic metabolic
capacity (Fabian et al., 2013) and would be expected to correctly pre-
dict both prehaptens and prohaptens (Casati et al., 2016; OECD, 2018a,
2018b; Patlewicz et al., 2016; Urbisch et al., 2015). Consequently, for
chemicals thought to exclusively undergo a prohapten mechanism ex-
clusively, the KE1 assay was de-prioritised in the DA.

3.2.4. Lipophilicity
Cell-based assays are often thought to be less predictive for lipo-

philic chemicals due to their aqueous test system. This has been
documented in the corresponding OECD Test Guidelines and updated as
more data has become available (OECD, 2018a, 2018b). In general, if a
chemical is soluble or can form a stable dispersion then testing can be
conducted. Nevertheless, in the absence of solubility information, ex-
clusion criteria based on logP were assigned. The present OECD Test
Guideline for KE2 state that for the KeratinoSens™ and LuSens assays,
chemicals with a logP greater than 7 may be insoluble in the cell media
(OECD, 2018a). At the time of DA development, an earlier version of
the OECD Test Guideline stated that results for chemicals with a logP
between 5 and 7 should also be treated with caution. Therefore, to be
conservative, assays measuring KE2 were de-prioritised for chemicals
with a logP greater than 5. For KE3, poor predictivity has been docu-
mented in the h-CLAT for chemicals with a logP greater than 3.5,

although positive results are usually more robust (OECD, 2018b;
Takenouchi et al., 2013). However, the U-SENS™ assay reportedly
predicts lipophilic chemicals well (Alépée et al., 2017; Piroird et al.,
2015) and no logP restrictions are given for IL8-Luc. Regardless, to be
conservative, and minimise false negatives, assays measuring KE3 were
de-prioritised for chemicals with a logP greater than 3.5. No logP limit
was set for the assay measuring KE1 (DPRA) as current understanding is
that in chemico assays have fewer problems with solubility (OECD,
2015).

3.2.5. Lysine-reactivity
As the activation of the Nrf2-ARE pathway during KE2 is associated

with skin proteins reacting with cysteine residues, chemicals thought to
preferentially react with lysine residues such as acyl-transfer agents
(Aptula et al., 2005) may not be reliably predicted by the Keratino-
Sens™ assay (Emter et al., 2013; Natsch, 2017; OECD, 2018a) and the
LuSens assay (OECD, 2018a; Ramirez et al., 2014). Consequently, for
chemicals with a preference for lysine residues, assays measuring KE2
were de-prioritised.

3.3. Summary of exclusion criteria

The exclusion criteria outlined above for the DA can be summarised
together as follows (Table 5):

3.4. Using the DA decision tree

Derek is the first information source to be considered in the DA
decision tree. Derek also provides the information required to assess a
chemical against the exclusion criteria. After any relevant exclusion
criteria is documented, the Derek prediction is considered. If the rea-
soning level is plausible/probable/certain then the Derek prediction is
considered evidence that the chemical is a sensitiser. If the reasoning
level is improbable/doubted or a negative prediction outcome of non-
sensitiser is given, the Derek prediction is considered evidence that the
chemical is a non-sensitiser. If the reasoning level is equivocal or a
negative prediction outcome is given which states that misclassified or
unclassified features are present, the Derek prediction is not further
used in the DA. This step dictates which branch of the decision tree is to
be followed. The prioritised assays are then run in order of KE in the
AOP (KE1 > KE2 > KE3), unless assays measuring certain KE are
precluded by the exclusion criteria assessment in the previous step,
until two concordant results are obtained - effectively a ‘2 out of 3’
approach (Fig. 9).

When the chemical is predicted by the DA to be a non-sensitiser, it
was assigned as GHS no category. Deciding which potency category to
assign was more difficult as both category 5 (very weak sensitiser) and
category 6 (non-sensitiser) would be assigned as non-sensitisers if
aligning to the GHS classification. Consequently, these were collectively
assigned as 5/6. Alerting sensitisers, however, are assessed by the po-
tency prediction model and assigned a potency category (1–4), and
corresponding GHS classification (1A/1B).

3.5. Predictivity

3.5.1. Hazard prediction
The DA accurately predicted skin sensitisation hazard when com-

pared against both LLNA data and human data (85% DA vs LLNA; 86%
DA vs human) indicating that it can predict both species equally well.
Furthermore, the DA is more predictive of human skin sensitisation
(86% accuracy - DA vs human) than the LLNA (81% accuracy - LLNA vs
human) for the dataset analysed as well as being more predictive than
any other assay alone (Table 6). On average, for each chemical in the
evaluation dataset, 1.27 assays were necessary to make a prediction of
sensitiser/non-sensitiser. For most chemicals, a Derek prediction and a
single result from a KE was adequate (76%, 147/194), occasionally an

Table 5
Summary of exclusion criteria for the DA.
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additional assay measuring another KE was used (21%, 41/194), and
only rarely were assays covering all three KE utilised in the DA (3%, 6/
194). The DA is not able to make a prediction in every case as some
chemicals lack sufficent KE data to assign a call.

3.5.2. Potency prediction
The DA correctly predicted the potency category (1–4, 5/6) for 59%

and the GHS classification (1A, 1B, no category) for 73% of the eva-
luation dataset when compared to LLNA data. When compared against
human data the DA correctly predicted the potency category for 68%
and the GHS classification for 76% of the dataset, respectively
(Table 7). The DA was also shown to predict human sensitisation more
accurately than the LLNA (potency category 68% (DA) vs 54% (LLNA);
GHS classification 76% (DA) vs 65% (LLNA)).

The confusion matrices comparing the DA predicted GHS classifi-
cation against LLNA and human reference data are shown in Fig. 10.

3.5.3. Performance of exclusion criteria
3.5.3.1. Prohaptens. Only three chemicals (2,2-azobis phenol, benzo(a)
pyrene, and 7,12-dimethylbenz[a]anthracene) in the evaluation dataset
were thought to be exclusive prohaptens (as identified by Derek), all of
which were positive in the LLNA. The DA suggests to de-prioritise the
DPRA (KE1) for prohaptens (due to the lack of metabolic capacity in the
assay) and as expected, the DPRA mispredicted both prohaptens tested

in this assay (2,2-azobis phenol and 7,12-dimethylbenz[a]anthracene)
as non-sensitisers. Assays measuring KE2 and KE3 predicted all
chemicals correctly, where data were available: benzo(a)pyrene and
7,12-dimethylbenz[a]anthracene have been tested in assays covering
KE2 and benzo(a)pyrene and 2,2-azobis phenol in assays covering KE3
(Table 8). No human data were available for these assays.

The DA was unable to make a prediction for any of these prohaptens
as, although data for KE2 and KE3 were available, the relatively high
lipophilicity of these chemicals resulted in assays measuring either KE
being de-prioritised according to the DA exclusion criteria.

3.5.3.2. Lipophilic chemicals. The exclusion criteria used in the DA de-
prioritises assays measuring KE2 and/or KE3 when chemicals have a
logP over 5, and/or 3.5, respectively.

For chemicals with a logP greater than 3.5, no significant difference
was observed in predictivity when using assays measuring KE3 (LLNA -
71% acc, human - 80% acc) in comparison to assays measuring KE1
(LLNA - 65% acc, human - 84% acc) or KE2 (LLNA - 70% acc, human -
74% acc). Similarly, for chemicals with a logP greater than 5, assays
measuring KE2 were generally as predictive as assays measuring KE1 or
KE3 when compared against both LLNA (Acc - KE1, 73%; KE2, 77%;
KE3, 56%) or human data (Acc - KE1, 100%; KE2, 100%; KE3, 100%).
This suggests that cell-based assays are more predictive of lipophilic
chemicals than previously thought, as indicated by the recent update to

Fig. 9. The DA decision tree uses exclusion criteria to de-prioritise in chemico/in vitro assays, then uses the Derek outcome to determine which branch of the tree to
follow. Between 1 and 3 in chemico/in vitro assays are then run in order of the AOP (MIE → KE2 → KE3) unless de-prioritised in the previous step and the outcome(s)
used to assign a hazard classification (sensitiser/non-sensitiser) and predict the potency category (1–4, 5/6) and GHS classification.

Table 6
The skin sensitisation hazard predictivity of individual test methods and the DA compared to both LLNA and human reference data.

Test method LLNA Human

n Accuracy Sensitivity Specificity n Accuracy Sensitivity Specificity

LLNA – – – – 108 81% 88% 64%
DPRA 192 76% 77% 71% 100 81% 93% 52%
KeratinoSens™ 184 74% 78% 64% 99 84% 84% 83%
LuSens 77 75% 77% 72% 60 83% 82% 86%
h-CLAT 163 74% 80% 59% 95 82% 78% 87%
U-SENS™ 123 83% 93% 56% 91 81% 89% 60%
Derek 210 83% 93% 61% 108 81% 88% 64%
DA 194a 85% 88% 77% 102b 86% 89% 81%

a 16 chemicals not predicted to be a sensitiser/non-sensitiser by the DA.
b 6 chemicals not predicted to be a sensitiser/non-sensitiser by the DA.
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the OECD Test Guideline for KeratinoSens™ (OECD, 2018a) and results
reported for U-SENS™ (Alépée et al., 2017). Regardless of the minor
difference in predictivity between the assays, the DA, using the exclu-
sion criteria, correctly predicted the hazard (sensitiser/non-sensitiser)
for 78% of chemicals with a logP greater than 3.5 with LLNA data and
77% with human data (Table 9). For potency, the potency category was
correctly predicted for 59%, and GHS classification correctly predicted
for 77% of lipophilic chemicals when compared against LLNA data.
When compared against human data, the accuracy improved to 91% for
both potency category and GHS classification prediction (Table 10).
Similar trends were observed for chemicals with a logP greater than 5
with the DA correctly predicting the hazard for 70% and 100% of these
chemicals when compared to LLNA and human reference data, re-
spectively (Table 9). The potency category was correctly identified for
60% and GHS classification for 70% of chemicals with LLNA data and
both classification types predicted correctly for 100% of chemicals with
human data (Table 10).

3.5.3.3. Lysine-reactive chemicals. Although only 14 chemicals in the
evaluation dataset were assigned by Derek as preferentially lysine-
reactive (14 with LLNA data, 6 with human data) it was clear that
assays measuring KE2 were much less predictive (LLNA - 39% acc,
human - 50% acc) than assays measuring KE1 (LLNA - 100% acc,
human - 83% acc) or KE3 (LLNA - 86% acc, human - 100% acc)
(Table 8).

The DA correctly predicted the skin sensitisation hazard of 100% of
lysine-reactive chemicals with LLNA data and 83% with human data
(Table 9). The potency category was correctly predicted for 54% and
GHS classification correctly predicted for 92% of lysine-reactive che-
micals with LLNA data. When compared against the human data, 67%
were predicted correctly when assessed against both classification types
(Table 10).

3.6. Mispredictions

The majority of mispredictions made by the DA fall into the fol-
lowing three categories:

(1) Inconsistency between in vivo outcomes

102 chemicals with both LLNA and human data were given a hazard
prediction by the DA. When compared against the in vivo reference data
the DA predicted both species well, however, 20 chemicals had a spe-
cies-dependant outcome due to discordant LLNA and human calls. This
underlines the importance of considering the species when evaluating
the results from the DA as it is not uncommon for LLNA and human data
to conflict. For example, nickel chloride is a human sensitiser but is
outside the applicability domain of the LLNA (ICCVAM, 2010), al-
though often reported as a non-sensitiser. Nevertheless, the DA pre-
dicted it to be a strong sensitiser (GHS 1A, potency category 2) due to
the potency prediction model containing positive human data for both
nickel chloride (human potency category 2) and nickel sulfate (human
potency category 1), as well as containing positive human and LLNA
data for other metals in the same Derek alert domain. This underlines

the importance of considering data from more than one species as the
LLNA does not always correspond to the human outcome.

Similarly, phthalic anhydride is not a human skin sensitiser
(Basketter and Kimber, 2016) but is a strong sensitiser in the LLNA
(Gerberick et al., 2007) as the LLNA does not differentiate between skin
and respiratory sensitisers (Dearman et al., 2013). When compared
against human reference data, phthalic anhydride was incorrectly
predicted by the DA to be a sensitiser due to the firing of a Derek alert
and a positive result in the DPRA. It was predicted to be a strong sen-
sitiser (potency category 2, GHS 1A) as the potency prediction model
contains LLNA data for this chemical (EC3= 0.16%) as well as several
similar LLNA-positive chemicals within the same alert domain.

There are also several prehaptens with differing human and LLNA
outcomes which may lead to a misprediction by the DA depending on
the in vivo reference data used. As the oxidation of prehaptens such as
limonene and citronellol will differ based on the storage and batch of
the chemical tested this may explain the incongruity between the two
species.

(2) Derek outcome being overturned by in chemico/in vitro assay results

It is very concerning from a human health perspective when sensi-
tising chemicals are predicted by the DA as non-sensitisers as this could
lead to accidental human sensitisation. Three chemicals predicted to be
non-sensitisers by the DA were reported as strong sensitisers in the
LLNA (3-aminophenol, hexyl salicylate, and squaric acid diethyl ester).
All three fired a Derek alert but the in silico prediction was overturned
by mainly negative in chemico/in vitro assay data. Likewise, fourteen
weak sensitisers (GHS 1B) were mispredicted as non-sensitisers when
compared against either LLNA or human reference data. Derek fired an
alert for 9/14 of these chemicals, but again due to generally negative
results from the in chemico/in vitro assays, the Derek result was over-
turned in the ‘2 out of 3’ overall prediction.

(3) Chemicals close to potency category/GHS classification boundaries

When the model predicts the potency category, it does so by taking
the harmonic mean of the Nearest Neighbours’ potency categories,
weighted by their Tanimoto similarities, and rounding half down to
give an integer used as the potency category (e.g. 2.5 is rounded down
to category 2). By rounding half down, the predictions are more pro-
tective of human health. However, if a prediction lies relatively close to
the boundary between two categories this can have a detrimental im-
pact on the accuracy of the prediction, as has been investigated recently
by Leontaridou and co-workers (Leontaridou et al., 2017). Using the
human in vivo data as reference it was found that predictions closer to
category borders were indeed less accurate. For chemicals predicted to
be GHS 1A sensitisers (e.g. the predicted potency category was below
2.5) the correct GHS classification was predicted for 88% (n=16) of
chemicals with a predicted potency category below 2.0 whereas the
accuracy fell to 50% (n=4) when evaluating chemicals with a pre-
dicted category closer to the border (between 2.01 and 2.5). Similarly,
chemicals predicted to be GHS 1B sensitisers (e.g. the predicted potency
category falls between 2.51 and 4.5), the accuracy was slightly higher,

Table 7
The skin sensitisation potency predictivity of the DA (and LLNA) compared to both LLNA and human reference data.

Benchmark data Potency category GHS classification

n Over-predicted Correctly predicted Under-predicted n Over-predicted Correctly predicted Under-predicted

DA vs LLNA 174a 20% 59% 21% 174a 12% 73% 15%
DA vs Human 79b 14% 68% 18% 79b 10% 76% 14%

LLNA vs Human 89 25% 54% 21% 79 20% 65% 15%

a 20 chemicals with a hazard prediction not given a potency prediction by the DA.
b 23 chemicals with a hazard prediction not given a potency prediction by the DA.
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Fig. 10. GHS classification confusion matrices comparing the
predicted GHS classification against LLNA and human re-
ference data. The x-axis shows the experimentally-derived
GHS classification and the y-axis the predicted GHS classifi-
cation from the DA. Correctly predicted categories are illu-
strated by the blue circles with the black trim forming a di-
agonal line, in increasing size according to number of
chemicals predicted. Dark grey circles (shown on the left of
the correctly predicted diagonal) represent chemicals which
have been predicted as less potent than observed experi-
mentally (under-prediction). Orange circles (shown on the
right of the correctly predicted diagonal) represent chemicals
which have been predicted as more potent than observed
experimentally (over-prediction). (For interpretation of the
references to colour in this figure legend, the reader is re-
ferred to the Web version of this article.)
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64% (n=14) for chemicals with a predicted potency category between
3.0 and 4.5 in contrast to chemicals with a predicted category between
2.51 and 2.99, 59% (n=17). Further work will focus on developing a
method to assign a confidence level associated with the potency pre-
diction. See Supporting Data for the full prediction list and corre-
sponding in vivo/in silico/in chemico/in vitro data.

3.7. Limitations

The limitations of the DA can be separated into (1) limitations of the
in vivo reference data, (2) limitations inherent in the in silico/in chemico/

in vitro information sources used, and (3) limitations associated with the
DA itself.

(1) The predictive capacity of defined approaches is typically assessed
by comparing against LLNA and/or human data, however, both
have drawbacks. The EC3 values determined from the LLNA can
vary significantly between studies on the same chemical, and po-
tency can differ when different vehicles are used (Dumont et al.,
2016; Hoffmann, 2015; Roberts et al., 2016). As a result, where
more than one EC3 value was available for a chemical in the eva-
luation dataset, the median value was used to try and limit the

Table 8
The skin sensitisation hazard predictivity of the DA for chemicals matching the exclusion criteria compared to both LLNA and human reference data.

Hazard predictivity of KE assays

Chemical subset LLNA Human

KE1 KE2 KE3 KE1 KE2 KE3

n Acc n Acc n Acc n Acc n Acc n Acc

Prohaptens 2 0% 2 100% 2 100% 0 n/a 0 n/a 0 n/a
logP > 3.5 46 65% 43 70% 31 71% 19 84% 19 74% 15 80%
logP >5 15 73% 13 77% 9 56% 7 100% 6 100% 6 100%
Lysine-reactive 13 100% 13 39% 7 86% 6 83% 6 50% 5 100%

Table 9
The skin sensitisation hazard predictivity of the DA for chemicals matching the exclusion criteria compared to both LLNA and human reference data.

Hazard predictivity of DA

Chemical subset LLNA Human

n Accuracy Sensitivity Specificity N Accuracy Sensitivity Specificity

Prohaptens 0 n/a n/a n/a 0 n/a n/a n/a
logP > 3.5 36a 78% 75% 88% 13c 77% 80% 75%
logP >5 10b 70% 57% 100% 3d 100% 100% 100%
Lysine-reactive 14 100% 100% n/a 6 83% 100% n/a

a Prediction could not be made for 14 chemicals.
b Prediction could not be made for 5 chemicals.
c Prediction could not be made for 5 chemicals.
d Prediction could not be made for 2 chemicals.

Table 10
The skin sensitisation potency predictivity of the DA for chemicals matching the exclusion criteria compared to both LLNA and human reference data.

Potency predictivity of DA

Chemical subset Potency category GHS classification

n Over-predicted Correctly predicted Under-predicted n Over-predicted Correctly predicted Under-predicted

LLNA

Prohaptens 0 n/a n/a n/a 0 n/a n/a n/a
logP > 3.5 34a 15% 59% 27% 34a 3% 77% 21%
logP >5 10b 10% 60% 30% 10b 0% 70% 30%
Lysine-reactive 13c 15% 54% 31% 13c 8% 92% 0%

Human

Prohaptens 0 n/a n/a n/a 0 n/a n/a n/a
logP > 3.5 9d 9% 91% 0.0% 9d 9% 91% 0%
logP >5 3 0% 100% 0.0% 3 0% 100% 0%
Lysine-reactive 3e 33% 67% 0.0% 3e 33% 67% 0%

a Prediction could not be made for 2 chemicals.
b Prediction could not be made for 5 chemicals.
c Prediction could not be made for 1 chemical.
d Prediction could not be made for 4 chemicals.
e Prediction could not be made for 3 chemicals.
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impact of high variance. The human data categorised by Basketter
et al. is commonly used as reference data as the categories were
assigned after careful consideration of all available human data,
taking exposure and population into account. However, it should be
kept in mind that the No Observed Effect Level (NOEL) which may
be used to support categorisation may not actually be the Lowest
Observed Effect Level (LOEL) (Api et al., 2017; Basketter et al.,
2014). Finally, although the correlation between LLNA and human
outcomes is generally quite high, there are several outliers which
may have an impact on the predictivity of the DA.

(2) The applicability domains of the in chemico/in vitro assays have not
yet been fully explored indicating that there may be some ambi-
guity over assay data for specific chemical classes, especially for
negative assay outcomes. Other issues such as intra- and inter-la-
boratory reproducibility, protocol issues such as difficulties in
predicting fluorescent and/or highly cytotoxic chemicals, and in-
terchangeability between assays measuring the same KE could have
an impact when using data from these assays in the DA (OECD,
2018a, 2018b, 2015). One limitation of the in silico component,
Derek, is that chemicals with an ambiguous structure (e.g. Tween
80) and/or undefined mixtures (e.g. fragrances such as oak moss)
cannot be used in the tool. Another potential limitation is that it is
possible that the scope of a skin sensitisation alert could be mod-
ified upon the release of new versions of Derek. As alert changes are
documented in the Derek release notes this potential change could
be anticipated in advance and chemicals firing affected alerts re-
evaluated. Another limitation is that with Derek being a proprietary
software tool, access to the alerts, and by extension, the information
used in the exclusion criteria is restricted to Lhasa Limited mem-
bers. Alternatively, information from other in silico models and/or
expert judgement could be used to assess chemicals against the
exclusion criteria used in the DA without the use of Derek, although
other models have not yet been evaluated.

(3) For the DA, one limitation is related to the potency prediction
model. For example, no potency prediction is provided when fewer
than 3 Nearest Neighbours are present in the same alert domain.
However, Lhasa Limited is pursuing data sharing opportunities with
members to add historical data to these alerts to address this.
Furthermore, some relatively small alert domains (due to scarcity of
public data) in the potency prediction model may lead to more
uncertainty in the prediction. More uncertainty may be associated
with predictions which are closer to category boundaries (as dis-
cussed in Section 3.6). Other ways to evaluate potency using in silico
results, possibly in combination with in chemico and in vitro data,
are being investigated. Another limitation is related to the avail-
ability of public datasets containing in chemico/in vitro assay data
which can be used to evaluate the performsnce of the DA. The
dataset used to evaluate the DA consisted of only 210 chemicals and
represents one of the largest available in the public domain. The DA
also does not use a discrete information source that measures KE4
or the adverse outcome, although this information is present in
Derek as the alerts are based on in vivo mouse, guinea pig, and
human data. An additional limiting factor is that the DA is more
useful for mono constituent substances and defined mixtures - as
Derek requires a structure as input, UVCBs (Unknown or Variable
Composition, Complex Reaction Products and Biological Materials)
cannot currently be predicted by the DA. Finally, the DA has not yet
been validated using a test set of new in chemico/in vitro data. Lhasa
Limited is actively exploring opportunities and collaborations to
ensure that this is achieved.

4. Conclusions

A DA decision tree has been designed using exclusion criteria based
on known limitations of in silico outcomes and in chemico/in vitro assays.
The hypothesis proposed is that excluding less reliable assays and/or in

silico outcomes for specific chemicals will produce a rational and
transparent DA for the prediction of skin sensitisation potential.

When evaluated against a curated dataset (n=210) comprising of
previously published human, LLNA, DPRA, KeratinoSens™, LuSens, h-
CLAT, and U-SENS™ data the DA correctly predicts the hazard (sensi-
tiser/non-sensitiser) for 85% and 86% of chemicals with LLNA and
human reference data, respectively. In terms of potency, the DA can
accurately predict the potency category (1–4, 5/6) for 59%, and the
GHS classification (1A/1B/no category) for 73% of the dataset with
LLNA reference data and 68% and 76%, respectively, with human re-
ference data. For both hazard and potency predictions, the DA is more
predictive of human skin sensitisation than the LLNA as the LLNA
predicts the hazard with 81% accuracy (c.f. DA 86%) and the GHS
classification with 65% accuracy (c.f. DA 76%). The concordance of
assays addressing the same KE suggests that these can be used inter-
changeably (as well as future ‘me-too’ assays, assuming they measure
the KE in a similar manner). The majority of chemicals in the evaluation
dataset were accurately predicted using only Derek and one other
(concordant) assay which makes the DA a quick and easy way to predict
the skin sensitisation potential of a given chemical. The DA is applicable
to a wide variety of chemicals with varying functional groups and
physicochemical properties and chemicals with poor predictivity in in
chemico and in vitro assays can be correctly predicted by the DA e.g. pre-
and prohaptens, lipophilic chemicals, metals. Due to the high pre-
dictivity of the DA, it is suitable to be used in place of animal tests for
regulatory purposes as it can discriminate between sensitisers and non-
sensitisers as well as provide a potency prediction (potency category
and/or GHS classification).
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