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ABSTRACT: Dermal contact with chemicals may lead to an inflammatory reaction known as allergic contact dermatitis. Conse-
quently, it is important to assess new and existing chemicals for their skin sensitizing potential and to mitigate exposure accord-
ingly. There is an urgent need to develop quantitative non-animal methods to better predict the potency of potential sensitizers,
driven largely by European Union (EU) Regulation 1223/2009, which forbids the use of animal tests for cosmetic ingredients sold
in the EU. A Nearest Neighbours in silico model was developed using an in-house dataset of 1096 murine local lymph node (LLNA)
studies. The EC3 value (the effective concentration of the test substance producing a threefold increase in the stimulation index
compared to controls) of a given chemical was predicted using the weighted average of EC3 values of up to 10 most similar
compounds within the same mechanistic space (as defined by activating the same Derek skin sensitization alert). The model
was validated using previously unseen internal (n=45) and external (n=103) data and accuracy of predictions assessed using
a threefold error, fivefold error, European Centre for Ecotoxicology and Toxicology of Chemicals (ECETOC) and Globally
Harmonized System of Classification and Labelling of Chemicals (GHS) classifications. In particular, the model predicts the GHS
skin sensitization category of compounds well, predicting 64% of chemicals in an external test set within the correct category.
Of the remaining chemicals in the previously unseen dataset, 25% were over-predicted (GHS 1A predicted: GHS 1B experimen-
tally) and 11% were under-predicted (GHS 1B predicted: GHS 1A experimentally). Copyright © 2017 John Wiley & Sons, Ltd.
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Skin sensitization

Contact dermatitis is a common inflammatory skin disease in in-
dustrialized countries with a significant socioeconomic impact
(Diepgen and Kanerva, 2006). It is, therefore, important to ensure
new and existing chemicals are appropriately assessed for their po-
tential to cause skin sensitization and to mitigate exposure accord-
ingly. To evaluate the sensitising hazard presented by a chemical,
several animal tests have been developed and two tests, in partic-
ular, have gained widespread acceptance and have been validated
by the Organization for Economic Co-operation and Development
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(OECD): the Guinea Pig Maximization Test (GPMT) (OECD, 1992)
and the murine Local Lymph Node Assay (LLNA) (OECD, 2010).
Both tests provide a fair assessment of skin sensitizing potential
and have been successfully used to assist chemical risk assessment
for several decades. However, as some chemicals are intrinsically
more potent than others (concentration required to induce skin
sensitization may vary by many orders of magnitude),
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differentiating only between sensitizing and non-sensitizing
chemicals can lead to sub-optimal risk assessments, which in some
cases may be over-protective or too lax.

In this respect, the LLNA offers a significant advantage over the
GPMT. While the GPMT is typically used only to identify chemicals
that represent a sensitizing hazard, the LLNA provides information
on the potency of an identified sensitizer, thereby permitting an
assessment of both hazard and potency. Other significant advan-
tages of LLNA vs. GPMT are the reduced number of animals
needed and the improved animal welfare (no adjuvants, no elicita-
tion). Although modifications to the GPMT have been suggested
to provide a more quantitative assessment of sensitising potential,
these have yet to be fully validated or widely used (van Och, 2001).

Potency is inferred from the LLNA using the test concentration
required to cause a threefold increase in the stimulation index
(S) relative to vehicle controls (Basketter et al, 2000) which is
referred to as the EC3 value. Put simply, the lower the EC3 value,
the more potent the sensitizer as a lower concentration is required
to induce skin sensitization. EC3 values have proven reliable
measures of potency and several studies have shown a good
correlation between EC3 values and known sensitization potency
in humans (Basketter et al., 2001, 2005; Gerberick et al., 2001). To
aid chemical risk assessment, the European Centre for Ecotoxicol-
ogy and Toxicology of Chemicals (ECETOC) has proposed a
classification scheme whereby EC3 values are used to categorize
sensitizers into one of four potency categories: extreme (< 0.1%),
strong (> 0.1 - < 1%), moderate (> 1 - < 10%) or weak (> 10%)
(Kimber, 2001; ECETOC, 2003; Kimber et al, 2003). Similarly, a
Globally Harmonized System of Classification and Labelling (GHS)
was suggested by United Nations Economic Commission for
Europe (UNECE) to standardize the classification of chemicals,
labels and safety data sheets at a national, regional and worldwide
level. Skin sensitizers are split into sub-category 1A and 1B, corre-
sponding to EC3 values <2 and >2%, respectively (UNECE, 2015).

Despite the success of both the LLNA and GPMT to correctly
identify sensitising chemicals, a significant amount of recent
research has sought to develop non-animal alternatives. This has
been motivated by a desire to improve animal welfare and to
reduce the cost of chemical safety assessments by replacing
animal tests. The cosmetics industry has a particular need for these
alternative tests, driven largely by the implementation of European
Union (EU) Regulation 1223/2009 (replacing EU Directive 76/768/
EEC) which forbids the use of animal tests for cosmetic ingredients
sold in the European Union (2013). To date, several in chemico and
in vitro tests have been developed including the Direct Peptide
Reactivity Assay [DPRA, (OECD 2015a)], KeratinoSens (OECD,
2015b) and the human Cell Line Activation Test [h-CLAT, (OECD
2016)], all of which have been validated and approved by the
OECD for use as alternative methods to assess skin sensitization.

In silico models for skin sensitization potency

In addition to research into in chemico and in vitro tests, the last
two decades have seen the development of several in silico models
for predicting skin sensitization potential. Binary models for skin
sensitization activity, where chemicals are classified as a sensitizer
or non-sensitizer, have been available for many years; predicting
skin sensitization potency is, however, a more difficult challenge.
Recently, several commercial and non-commercial in silico systems
have been developed that are capable of providing quantitative
and semi-quantitative predictions of sensitization e.g. CADRE-SS
(Kostal and Voutchkova-Kostal, 2016) assigns an ECETOC class to

a query chemical, TopKat (Enslein et al.,, 1997) can predict potency
as weak or strong, CASE Ultra (MultiCASE) has several models for
skin sensitization including separate models for weak, moderate
and extreme sensitization and TIMES SS (Roberts et al., 2007) is a
semi-quantitative hybrid expert system.

To fully replace existing animal assays, alternative tests and in
silico models should provide not only reliable predictions of hazard
but also match the performance of assays such as the LLNA in the
prediction of potency. With this goal in mind, an EC3 prediction
model has been developed based on publicly available LLNA stud-
ies and mechanistic (alert) domains as provided by Derek Nexus,
an expert knowledge base system for toxicity predictions (Lhasa).

Materials and method

Derek Nexus

Derek Nexus 5.0.2 (using Derek Knowledge Base 2015 2.0 and
Derek EC3 Model - 1.0.6), an expert knowledge base system for
toxicity predictions (Lhasa), was used to make an in silico assess-
ment of the skin sensitizing potential of the chemicals in the inter-
nal and external validation datasets. The datasets were processed
against the skin sensitization endpoint, selecting mammal as the
species of interest. Skin sensitization alerts are activated for, and
describe haptens, pre-haptens and pro-haptens, meaning meta-
bolic requirements have been considered in the structure of each
alert. If the predicted skin sensitization outcome was defined as
certain/probable/plausible/equivocal, the test chemical was
considered as a sensitizer and the predicted EC3 value used, if
available. If more than one skin sensitization alert was activated,
the most potent EC3 value and corresponding alert were used. If
no skin sensitization alert was activated with a likelihood of equiv-
ocal or above, the test chemical was considered as a non-sensitizer.

KNIME

Analysis of data and workflow construction was carried out using
KNIME 3.1.2, a data analytics, reporting and integration platform
freely available from https://www.knime.org/ (Berthold et al., 2008).

Model construction

The model utilizes a k-Nearest Neighbours (kNN) approach. Ini-
tially, both compounds (query and dataset) must activate the same
skin sensitization structural alert in Derek to be considered as a
Nearest Neighbour. These Nearest Neighbours are then arranged
by Tanimoto similarity generated by an in-house radial fingerprint-
ing method. The minimum number of neighbours required is 3,
otherwise no prediction is given, and the most similar neighbours,
up to 10t place (Fig. 1), are considered (using standard competi-
tion ranking, e.g. 12 Nearest Neighbours may be used for the pre-
diction if neighbours 10, 11 and 12 all have identical Tanimoto
scores). The predicted EC3 value is the weighted average of all
the valid neighbours as shown below in Egn (1).

MWq > (Tanimoto* 2@’;’%)
EC3o >Tanimoto

where Q is query compound and NN is the Nearest Neighbour.
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Dataset and validation of model

The dataset comprised 1096 separate LLNA studies corresponding
to 704 unique chemicals. Six hundred and fifty-nine of these com-
pounds were used to develop the prediction model (training set,
Derek EC3 Model - 1.0.6) and consisted of 84 non-sensitizers, 208
weak, 231 moderate, 90 strong and 46 extreme sensitizers. Com-
pounds activating more than one alert were removed to prevent
interference from potentially differing and/or competing mecha-
nisms. Finally, after removal of compounds activating alerts with
fewer than three Nearest Neighbours, the dataset consisted of
465 compounds. A separate dataset consisting of 45 compounds,
containing 8 weak, 26 moderate, 8 strong and 3 extreme sensi-
tizers, was used as a test set as shown in Fig. 2. The LLNA data were
compiled from multiple sources of published literature using the
EC3 value calculated by the author cited unless otherwise stated.
For LLNA studies where only the stimulation index (Sl) values were
reported, an EC3 value was calculated using interpolation or
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Example of 10 Nearest Neighbours used in a typical EC3 prediction.

extrapolation as described by Ryan et al. (2007). The chemicals
were chosen based on the quality of the LLNA studies, e.g. studies
reporting LLNA negatives only tested to low concentrations (<
50%) were not used, leading to few non-sensitizers in the dataset.

Leave-one-out cross-validation (LOO-CV). A leave-one-out cross-
validation (LOO-CV) of the prediction model was carried out using
KNIME. One compound was removed from the dataset, the model
built on the remaining compounds and the performance of the
model against the individual compound was assessed. This was
repeated for all compounds in the dataset with at least four
compounds in the alert space (n=4, one compound for the query
and a minimum of three compounds per alert for an EC3 prediction)
which reduced the dataset from n=465 to n=407.

Internal validation (test set). A test set was used for internal vali-
dation and consisted of 45 chemicals previously unseen by the
prediction model. All chemicals activated at least one Derek Nexus

Training set

O Non-sensitiser

Test set

HWeak [0 Moderate &Strong M Extreme

Figure 2. Distribution of compounds between the ECETOC classifications of skin sensitization potency in the training and test sets (number of compounds
in each category is shown in bar segments. Corresponding % of dataset shown on Y-axis).
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skin sensitization alert and all alerts activated had sufficient data
(> 3 Nearest Neighbours) to predict an EC3 value. Where more
than one skin sensitization alert was activated, the most potent
EC3 value was taken as the predicted EC3.

External validation dataset. LLNA data were donated from seven
Lhasa Limited members to validate the prediction model. Nine
hundred and sixty-two unique compounds were donated, of
which 328 had EC3 data. Compounds present in the EC3 training
set, non-alerting compounds and compounds activating a Derek
Nexus skin sensitization alert but with insufficient data to predict
an EC3 value (< 3 Nearest Neighbours) were removed from the
dataset. The overall external validation dataset contained 103 com-
pounds previously unseen by the prediction model and contained
38 weak, 29 moderate, 24 strong and 12 extreme sensitizers.

Data tra nsparency

The expertly reviewed and curated LLNA dataset (n=1096) de-
scribed above used to develop the EC3 prediction model and
the internal validation test set (n = 45) will not be published within
this article as we believe it to have commercial value, although all
the data used are available in the public domain. Additionally, as
the external validation dataset (n=962) consists solely of proprie-
tary data from our members, publication of these data in this arti-
cle is not permitted. This limitation means that others will not be
able to verify or replicate the results of this study independently.
However, the non-proprietary data are accessible to our members
who sponsor our toxicity database Vitic Nexus, and we do intend
to publish it in the future.

Results

Initial model development in KNIME

'Standard EC3’ method. The initial development of the model
arose from an investigation into the variance in the EC3 values
for all compounds which activate each individual alert. The ratio-
nale was that if each alert described a unique mechanism, then it
was possible that each mechanism would lead to a similar skin
sensitization potency. To test this hypothesis, LLNA positive

100

compounds in an in-house EC3 dataset were gathered that
activated only one skin sensitization alert in Derek. The EC3 values
were collected on a per alert basis and the mean calculated. Each
mean value was used as the ‘standard EC3’ value for that alert, pro-
vided that there were at least three compounds that activated the
alert. In this manner, a ‘standard EC3’ value was calculated for 34
alerts. Figure 3 illustrates the range of EC3 values for three alerts
and the area under the curve represents the relative frequency
of each EC3 value. Some alerts only contained compounds with
similar EC3 values e.g. within only one ECETOC category (Alert A,
Fig. 3) whereas some alerts contained mixed values, with a small
(Alert B, Fig. 3) or large range of EC3 values/ECETOC categories
(Alert C, Fig. 3).

Nevertheless, when this model was applied to a selected test set
containing 145 chemicals (Jaworska et al. 2013), it could assign the
correct ECETOC category 48% of the time. This suggested that it
would be possible to use the mechanistic separation of the alerts
to aid us in the prediction of an EC3 value. The in-house dataset
was then augmented with publicly available data and this ex-
panded dataset used to develop the model further.

Nearest Neighbour method. The first attempt to improve the
model was with an extension to a Nearest Neighbour method.
With this method, the dataset was taken and again sub-selected
to compounds activating only one alert. This was to ensure the
chemicals in the training set were unlikely to undergo multiple dif-
ferent mechanisms at different sites. Unlike before negative LLNA
compounds were included and assigned an EC3 value of 101 for
calculation purposes. The EC3 values of the compounds in this
dataset were predicted using a leave-one-out cross-validation to
estimate the predictive efficiency of the method. For many of the
alert spaces, there was only a limited number of compounds, so
no other cross-validation was attempted. To calculate the EC3
value predicted for the query compound, firstly, those compounds
activating the same alert were considered. Then only those
examples which had a Tanimoto similarity to the query compound
of greater than 0.5 were considered. The similarity threshold
represented a balance between getting a sufficient number of com-
pounds to be Nearest Neighbours and getting compounds similar
enough that their activity might be informative in predicting for
the query compound. Up to 10 most similar compounds in the

|
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Figure 3. Therange and ‘standard EC3’ for 3 skin sensitization alerts. The area under the curve represents the number of compounds smoothed assuming
a normal distribution around the experimental EC3 value. Alert A contains only moderate sensitizers, Alert B has a range of weak, moderate and strong

sensitizers and Alert C has compounds spread across the ECETOC categories.
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dataset were used for the calculation; where there were fewer than
three examples, the query compound was classified as out of
domain. The EC3 was then calculated as the average of the
MW/EC3 values weighted by the Tanimoto distance. This model
improved the performance for the compounds which could be
predicted by the model but resulted in a loss of coverage.

Two-tiered approach. To expand the coverage, a two-tiered
approach was used. This consisted of taking an EC3 value from
the Near Neighbour method where possible, supplemented by
the ‘standard EC3’ method when the Near Neighbour method
was unable to provide an answer. This two-tiered approach
resulted in the same coverage as the 'standard EC3’ method, but
with increased accuracy for the compounds where it was possible
to make a Nearest Neighbour prediction.

Optimization of a two-tiered approach. Optimization of the vari-
ous parameters was undertaken, namely varying the fingerprinting
engine used to derive a Tanimoto score, the minimum number of
Nearest Neighbours and the minimum Tanimoto similarity. By
modifying the fingerprinting engine between the in-house finger-
printing engine, Chemical Development Kit (CDK), Extended-
Connectivity Fingerprints (ECFP) or MolPrint, it was possible to
observe the impact of the fingerprinting method on the results.
The in-house fingerprinting method performed similarly to CDK,
and all other fingerprint methods performed significantly worse.
The next parameter investigated was the minimum number of
Nearest Neighbours required for generating a prediction; here
the minimum was increased from 3 to 5 and then finally to 9. As
expected, increasing the minimum number of neighbours needed
for a prediction improved the accuracy — presumably because the
chemical space was better defined — but the number of com-
pounds out of domain also increased significantly. A minimum of
three compounds in the example set required for a prediction
was found to be a fair balance between accuracy and coverage.
In the final optimization, the minimum Tanimoto threshold varied
between 0, 0.5, 0.7 and 0.9. As with increasing the minimum
number of neighbours, increasing the minimum Tanimoto similar-
ity gave rise to an increase in prediction accuracy - the model
would only consider increasingly similar compounds to be Nearest
Neighbours — with a very steep drop in the number of compounds
that were considered in domain.

It was realized that this method lacking the minimum Tanimoto
threshold was effectively applying the two-tiered approach in one
method. It was still able to leverage the mechanistic information
encoded in each alert, as the requirement for the compounds to
activate the same alert still stands, but without the threshold on
the minimum Tanimoto value nearly every compound was in
domain and the accuracy of the prediction was as high as using
the two systems. This elegantly eliminated the two-system
problem and made the model that was used henceforth.

Query
submitted

Derek alert Structure
activated fingerprinted

EC3 k-Nearest Neighbours
nta oot calculation

The Lhasa EC3 prediction model. The optimized EC3 prediction
model is shown in the schematic below (Fig. 4). First, a query com-
pound is submitted to Derek Nexus and processed against skin
sensitization. Upon activating a skin sensitization alert, the query
is fingerprinted then compared against the fingerprints of com-
pounds activating the same alert in the EC3 dataset (currently
Derek EC3 model 1.0.6) to assign Nearest Neighbours. When three
or more Nearest Neighbours are available an EC3 value is pre-
dicted and subsequently the predicted ECETOC category is shown.
For queries activating alerts with fewer than three Nearest Neigh-
bours in the EC3 dataset, no prediction is made.

Variability of the LLNA and choosing performance criteria for
model

While assessing the performance of the EC3 model, quantifying
the inherent variability of the LLNA was of significant interest. In
a recent analysis of data taken from the publicly available NTP In-
teragency Center for the Evaluation of Alternative Toxicological
Methods (NICEATM) LLNA database (NICEATM 2013), Hoffmann
(Hoffmann, 2015) calculated the median standard deviation of
log(EC3) values as 0.252 (n=27) and 0.312 (n = 11) and the variabil-
ity of the LLNA to be +3.2-fold and +4.2-fold for compounds tested
in the same vehicle and different vehicles, respectively. Roberts
et al. (2016) reported the variability of the LLNA as twofold based
on the analysis of 12 chemicals with multiple studies in the same
vehicle. Both Hoffmann and Roberts’ analyses are approximately
in agreement with previously reported studies on the
variability/reproducibility of the LLNA (ICCVAM 1999, 2009;
Basketter and Cadby, 2004; Jowsey et al. 2008).

To assess the variability for the compounds in the dataset with
multiple LLNA studies, compounds with three or more EC3 values
were analysed using the different methods described above - due
to data availability, separation by vehicle was not possible.

Hoffmann’s methodology

The median standard deviation of the log(EC3) values was calcu-
lated as 0.245 (n=50), which yielded an EC3 value variability of
+3.1-fold for the dataset which compared well with Hoffmann’s
previously reported figures. Furthermore, 90% of the 354 EC3
values that were analysed fell within +3.1 fold of the predicted
EC3 value for each compound (Fig. 5).

Roberts’ methodology
The overall standard deviation of the log(EC3) values was calcu-
lated as 0.314 (n=50), which yielded an EC3 value variability of
+4.3-fold for the dataset and 94% of the 354 EC3 values analysed
fell within +4.3 fold of the predicted EC3 value for each com-
pound (Fig. 5).

The variability of the LLNA assay will directly affect the
maximum possible performance of any model built upon this

EC3 prediction
=23 NN

<3 NN

Figure 4. Schematic illustrating the EC3 prediction model after optimization. [Colour figure can be viewed at wileyonlinelibrary.com]
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Figure 5. Scatter plot of the dataset showing variability of predicted log(EC3) values against observed log(EC3) values for compounds with multiple LLNA
studies using Hoffmann’s and Roberts’ methodologies, respectively. The dashed line represents the calculated variability of +3.1-fold using Hoffmann's
methodology and grey line represents the calculated variability of +4.3-fold using Roberts’ methodology.

training data. Given the values of +3.1-fold and +4.3-fold vari-
ability calculated in the EC3 data using the methodologies
above, assessing the prediction model's performance within
three- and fivefold of the experimental EC3 seemed
appropriate.

Model performance and validation

The EC3 prediction model was assessed by performing three
different validation techniques:

+ Cross-validation - this refers to the leave-one-out cross-
validation (LOO-CV) technique.

« Internal validation (test set) — this refers to the validation using
an in-house dataset collected from the publicly available litera-
ture by scientists at Lhasa Limited (n=45). As these data were
excluded from the training set used to build the EC3 model it
forms a suitable test set to validate the model.

« External validation - this refers to the validation using LLNA
data donated to Lhasa Limited by a number of members with
the specific purpose of providing a test set of unseen com-
pounds (n=103).

Then four different criteria were chosen to assign a prediction as
correct:
Fold accuracy:

+ Predicted EC3 value falls within + threefold of the experimental
value (henceforth known as 3-fold accuracy).

« Predicted EC3 value falls within + fivefold of the experimental
value (5-fold accuracy).

Category accuracy (Table 1):

« ECETOC potency category — predicted potency category
matches the experimentally determined potency category
(ECETOC accuracy).

« GHS classification category - predicted potency category
matches the experimentally determined potency category
(GHS accuracy).

Table 1. Classification categories of ECETOC and GHS and
corresponding EC3 values

ECETOC Classification

EC3 (%) Category

>10 Weak sensitizer
>1-<10 Moderate sensitizer
>01-<1 Strong sensitizer
<01 Extreme sensitizer
GHS Classification

EC3 (%) Category

<2 1A - strong sensitizer
> 2 1B - other sensitizer

Cross-validation

Fold accuracy. 151/407 (37%) compounds were correctly
assessed within a threefold range of the experimentally derived
EC3 value (Fig. 6). 207/407 (51%) were over-predicted (where the
prediction value was more potent than the experimental value),
and 49/407 (12%) were under-predicted (where the prediction
value was less potent than the experimental value).

198/407 (49%) were correctly assessed within a fivefold range of
the experimental EC3, 171/407 (42%) were over-predicted, and
38/407 (9%) were under-predicted.

Category accuracy. 157/407 (39%) compounds were correctly
assigned to their ECETOC category (Fig. 6). 198/407 (49%) were
over-predicted (assigned a more potent category than observed
experimentally) and 52/407 (13%) were under-predicted (assigned
a less potent category than observed experimentally).

224/407 (55%) compounds were correctly assigned to their GHS
category. 146/407 (36%) were over-predicted, and 37/407 (9%)
were under-predicted (Fig. 6).
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Internal validation (test set)

Fold accuracy. 20/45 (44%) compounds were correctly assessed
within a threefold range of the experimentally derived EC3 value
(Fig. 7). 16/45 (36%) were over-predicted, and 9/45 (20%) were
under-predicted.

27/45 (60%) were correctly assessed within a fivefold range of
the experimental EC3, 12/45 (27%) were over-predicted, and
6/45 (13%) were under-predicted.

Category accuracy. 23/45 (51%) compounds were correctly
assigned to their ECETOC category. 15/45 (33%) were over-
predicted, and 7/45 (16%) were under-predicted.

29/45 (64%) compounds were correctly assigned to their GHS
category. 11/45 (24%) were over-predicted, and 5/45 (11%) were
under-predicted (Fig. 7).
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External validation

Fold accuracy.  30/103 (29%) compounds were correctly assessed
within a threefold range of the experimentally derived EC3 value.
49/103 (48%) were over-predicted, and 24/103 (23%) were
under-predicted.

51/103 (50%) were correctly assessed within a fivefold range of
the experimental EC3, 38/103 (37%) were over-predicted, and
14/103 (14%) were under-predicted.

Category accuracy. 37/103 (36%) compounds were correctly
assigned to their ECETOC category. 46/103 (45%) were over-
predicted, and 19/103 (18%) were under-predicted.

66/103 (64%) compounds were correctly assigned to their GHS
category. 26/103 (25%) were over-predicted, and 11/103 (11%)
were under-predicted (Fig. 8).
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Figure 7.
Y-axis).
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ECETOC Classification GHS Classification

B More potent EC3 prediction

Internal validation (test set) results (number of compounds in each category is shown in bar segments. Corresponding % of dataset shown on
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Discussion

Our results confirm that publicly available, curated, LLNA data can
be used in a k-Nearest Neighbours model to predict the EC3 value
of skin sensitizers. This novel EC3 prediction model has good alert
coverage and predicts well for both internal and external valida-
tion datasets although some chemicals and/or alert domains are
predicted incorrectly. The case studies below tackle the most com-
mon reasons for mispredictions observed in our internal dataset
(Table 2).

I Within EC3 prediction range

ECETOC Classification GHS Classification

B More potent EC3 prediction

External validation results (number of compounds in each category is shown in bar segments. Corresponding % of dataset shown on

Limitations of prediction model

Fixed category classifications. There are a number of compounds
which, although numerically very close in EC3 value, fall into differ-
ent ECETOC or GHS categories e.g. CS1, CS2 and CS3 are
mispredicted by ECETOC categories and CS4, CS5, CS6, CS7, CS8
are mispredicted by GHS categories. CS1 is predicted as a moder-
ate sensitizer (EC3=1.4) when experimentally it is strong
(EC3=0.49). CS2 is predicted as weak (EC3 = 14) when experimen-
tally it is moderate (EC3=9.41) and CS3 is predicted as an extreme

Table 2. List of chemicals from the internal validation test set mispredicted by EC3 prediction model. / = correctly predicted by
accuracy criteria, X = mispredicted by accuracy criteria
Name Accuracy Criterion Alert Experimental Predicted Fold
3-fold 5-fold ECETOC GHS Number FC3% FC3% Error
CS1 v v X v 414 0.49 1.4 2.86
CS2 v v X v 481 941 14 1.49
CS3 v v X v 447 0.10 0.056 0.56
Cs4 v v v X 401 1.94 3.6 1.86
CS5 v v v X 414 2.00 23 1.15
CS6 v v v X 435 1.37 25 1.82
cs7 X v v X 432 4.05 1.3 0.32
cs8 v v v X 443 2.15 1.8 0.84
(6] X X X v 443 0.04 04 10.0
CS10 X v v v 443 0.16 0.74 4.63
Cs11 X X v v 443 0.12 0.73 6.08
Cs12 X X X v 439 2146 3 0.14
Cs13 X X X X 439 9.33 0.017 0.0018
CS14 X X X X 439 22.07 0.16 0.01
CS15 X X X v 439 45.47 33 0.07
CS16 X X X v 462 447 100 224
cs17 X v v v 462 24.00 100 417
* EC3 values calculated from reported Sl values.
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sensitizer (EC3 =0.056) but is observed as a strong sensitizer exper-
imentally (EC3=0.1). CS4, CS5 and CS6 are predicted as category
1B when they are observed experimentally as 1A. Conversely,
CS7 and CS8 are predicted as 1A sensitizers but are 1B sensitizers
experimentally. However, it is clear to see that a number of these
mispredicted compounds are very close to the category thresholds
(e.g. only one ECETOC category out/very close to the GHS thresh-
old) and cases like this will always be seen when using arbitrarily
defined thresholds. Furthermore, given the inherent variability in
the LLNA, one might expect the results to cross the boundaries
in many of those cases upon duplicate testing.

Challenging alert domains. ~ As previously observed when begin-
ning to build the prediction model, some alert domains were
significantly easier to predict than others. As Derek alerts are
mechanism-based one might expect similar EC3 values from com-
pounds activating the same alert. However, within this test set,
some alert domains such as 443 (metal or metal salt) and 439
(substituted phenol or precursor) are more challenging to predict
than others. For example, CS8, CS9, CS10 and CS11 all activate alert
443 (metal or metal salt) and are all mispredicted by at least one
accuracy criterion with a fold error ranging from 0.84- to 10.0-fold
of the experimental EC3 value. Some sensitizing metal salts are
known to perform poorly in the LLNA e.g. nickel sulphate produc-
ing conflicting results in the LLNA between studies (Gerberick
et al., 2000; ICCVAM, 2012). This then can have an impact on the
LLNA data for the alert domain subsequently influencing the accu-
racy of the alert predictivity. Another challenging alert domain is
phenols and precursors, C512, CS13, CS14, and CS15 are all
mispredicted by more than one accuracy criteria with a fold error
ranging from 0.0018- to 0.14-fold. Phenols and precursors are
thought to elicit skin sensitization through several possible
mechanisms (Barratt and Basketter, 1992), and these different
mechanisms of action may have a bearing on the sensitization
potential for specific chemicals within the class. As a result, the
mechanistic basis for the phenol alert has been refined and a sub-
set of compounds given a separate alert to improve predictivity.

Need for coverage in dataset. CS16 and CS17 activate alert 462
(alkyl ester of phosphoric or phosphonic acid) and are predicted
as weak sensitizers (EC3=100). CS16 is only predicted correctly
by GHS accuracy whereas CS17 is predicted correctly by all
methods except a threefold accuracy. These mispredictions are
caused by poor coverage in the dataset. Alert 462 in Derek Nexus
is built using mainly guinea pig data and LLNA data lacking EC3
values. As only 3 compounds in the dataset currently activate alert
462, all of which are non-sensitizers, the prediction model currently
makes a prediction of EC3 =100 for all compounds activating alert
462. However, the compounds in the internal dataset will be
added to the dataset in the future which will improve the predic-
tions for this alert (and others activated in the internal dataset).

Alert coverage

In particular, the alert coverage of the model is impressive consid-
ering that the training set is relatively small. Alert coverage of the
EC3 prediction model was assessed by calculating the number of
skin sensitization alerts activated by compounds in the previously
unseen external validation dataset and comparing to the number
of alerts the prediction model can make a prediction for Eqn (2).

Alert coverage of external dataset
__no. of alerts with EC3 predictions

100 2
no. of alerts activated overall @)

The model predicts an EC3 value for every skin sensitization alert in
Derek Nexus unless there are fewer than three compounds activat-
ing the same alert in the dataset. Forty-five skin sensitization alerts
were activated in the external validation dataset (including exact
matches in the dataset) of which 40 could predict an EC3 value.
However, these 40 predicting alerts corresponded to almost 99%
of the external dataset due to multiple compounds activating
identical alerts. Four of the 5 non-predicting alerts were solely de-
rived from guinea pig data, and the remaining alert had fewer than
three EC3 values from which to calculate an EC3 prediction. Fur-
thermore, as the 5 non-predicting alerts were single compounds,
this equated to only 1.4% of the external dataset.

Impact of expert review on mispredicted chemicals

The Lhasa EC3 prediction model, when it mispredicts a chemical,
tends to predict a more potent EC3 value. There are a number of
reasons that this may be preferred to under-prediction. The most
cited reason is that regulators and risk assessors consider it pru-
dent to be vigilant and use a more conservative prediction for
chemicals which may have an impact on human health. However,
over-prediction is not without issue as it can lead to an over cau-
tious approach to chemicals. To this end, the user may apply an ex-
pert review of the data and add and/or remove compounds within
the alert domain in the software version of the prediction model
(currently Derek Nexus v5.0.2 and Derek EC3 Model - 1.0.6). A case
study using 1-methoxy-4-(prop-1-en-1-yl)benzene is shown in
Fig. 9. Based on the Nearest Neighbours which activate the same
alert, substituted phenol or precursor, the predicted EC3 is
0.014%. However, the majority of the compounds within this alert
domain are significantly less potent. Upon further investigation of
the structure of the lone extreme sensitizer, 1-(4-hydroxyphenyl)-
3-phenylprop-2-en-1-one (EC3=0.0016%), it is evident that this
compound may undergo an alternative Michael acceptor mecha-
nism or a quinone formation/phenolic radical mechanism which
may contribute to its potency. Removing this compound from
the EC3 prediction led to a post-expert review predicted EC3 of
4.1%, much more in line with the other compounds within this
alert domain and the experimentally derived EC3 value of 2.3%.
In summary, a novel quantitative in silico EC3 prediction model
used within Derek Nexus is presented, based on a k-Nearest Neigh-
bours approach. When a query compound matches a skin sensiti-
zation alert in the knowledge base and has 3 or more Nearest
Neighbours activating the same alert in the EC3 dataset, an EC3
prediction is made. The model has a good predictive ability,
predicting 64% of chemicals in an external test set within the cor-
rect GHS category. Of the remaining chemicals in the previously
unseen dataset, 25% were over-predicted (GHS 1A predicted;
GHS 1B experimentally) and 11% were under-predicted (GHS 1B
predicted; GHS 1A experimentally). As the classification categories
used to assess the skin sensitization risk of a particular substance
have strict limits, if a chemical is mispredicted the model is de-
signed to predict a more conservative EC3 value to help protect
human health and the environment. Finally, expert review of the
10 Nearest Neighbours can also help to fine-tune the EC3 value
supplied by the model. The accuracy of the model has room for
improvement, however, the accuracy will always be limited by
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Figure 9. The impact of expert review on the predicted EC3 value of 1-methoxy-4-(prop-1-en-1-yl)benzene.

the inherent variability of the LLNA assay (three- to fourfold). Ap-
proaches to improve the predictive capacity of the model are on-
going. Further work will focus on encouraging the donation of
data not yet available in the public domain and more specifically,
data for those alerts which have insufficient data to predict EC3
values at present. Finally, we are eager to compare our EC3 predic-
tion model to other statistical skin sensitization QSARs and an
in-depth analysis is currently under investigation.
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