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ABSTRACT
Skin sensitization is a toxicity endpoint of widespread concern, for which the mechanistic understanding
and concurrent necessity for non-animal testing approaches have evolved to a critical juncture, with many
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available options for predicting sensitization without using animals. Cosmetics Europe and the National ~ Accepted 3 January 2018

Toxicology Program Interagency Center for the Evaluation of Alternative Toxicological Methods collabo-
rated to analyze the performance of multiple non-animal data integration approaches for the skin sensi-
tization safety assessment of cosmetics ingredients. The Cosmetics Europe Skin Tolerance Task Force
(STTF) collected and generated data on 128 substances in multiple in vitro and in chemico skin sensitization
assays selected based on a systematic assessment by the STTF. These assays, together with certain in silico
predictions, are key components of various non-animal testing strategies that have been submitted to the
Organization for Economic Cooperation and Development as case studies for skin sensitization. Curated
murine local lymph node assay (LLNA) and human skin sensitization data were used to evaluate the per-
formance of six defined approaches, comprising eight non-animal testing strategies, for both hazard and
potency characterization. Defined approaches examined included consensus methods, artificial neural net-
works, support vector machine models, Bayesian networks, and decision trees, most of which were repro-
duced using open source software tools. Multiple non-animal testing strategies incorporating in vitro, in
chemico, and in silico inputs demonstrated equivalent or superior performance to the LLNA when com-
pared to both animal and human data for skin sensitization.
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Introduction

Skin sensitization is a common toxicity endpoint of concern
and accounts for 10-15% of known occupational illnesses in
the U.S. and Europe (Anderson et al. 2011). It is estimated
that 15-20% of the general population will become sensitized
to one or more chemicals in commerce at some point in their
lifetime (Bruckner et al. 2000; Thyssen et al. 2007). Skin sensi-
tizers can cause a local skin reaction characterized by redness,
swelling and itching, also known as allergic contact dermatitis
(Murphy et al. 2012). There are two stages to allergic contact
dermatitis: induction and elicitation. Induction (sensitization)
occurs when allergen-specific T cells are generated in
response to a substance exposure, and elicitation occurs
when a previously sensitized individual is re-exposed to the
substance, resulting in a pruritic rash. The latency period
between exposure to a substance and appearance of the rash
shortens with subsequent exposures. Due to its prevalence,
persistence, and impact on quality of life, skin sensitization is
recognized as an important occupational and environmental
health issue (Kimber et al. 2011). There are a variety of
national and regional regulatory requirements for chemical
testing to identify skin sensitizers.

European, U.S., and other regulatory agencies from around
the world have different requirements for skin sensitization
data depending on the substance use category and the agency,
but almost all have traditionally relied upon regulatory tests
using animal models (Luebke 2012; Birnbaum 2013; Daniel
et al. 2018). However, in March 2013, the European Union’s 7th
Amendment of the Cosmetic Directive placed a complete ban
on animal testing for all cosmetics ingredients, necessitating
the rapid development and use of non-animal testing methods
(European Union 2003). Furthermore, the European
Registration, Evaluation, Authorization and Restriction of
Chemicals (REACh) regulation calls for the use of non-animal
methods. While REACh in general mandates that animal tests
should be used as a last resort, a 2017 update of the regulation
requires the uses of in vitro and in silico methods as the first
choice for skin sensitization and permits animal testing under
exceptional circumstances, at times including potency assess-
ment (EU 2016; Sauer et al. 2016). Despite this, there are cur-
rently no stand-alone non-animal methods for identifying skin
sensitizers (Natsch 2014).

Mechanisms of skin sensitization have been investigated
intensively for many years and are documented by the
Organization for Economic Co-operation and Development

(OECD) in its publication, “The Adverse Outcome Pathway for
Skin Sensitisation Initiated by Covalent Binding to Proteins”
(OECD 2012). The adverse outcome pathway (AOP) includes
four key mechanistic events: (1) binding of haptens to
endogenous proteins in the skin, (2) keratinocyte activation,
(3) dendritic cell activation, and (4) proliferation of antigen-
specific T cells. The most commonly used animal test, the
murine local lymph node assay (LLNA), is based on the
understanding of this complex series of events underlying
the immune response after exposure to a chemical sensitizer,
and covers all key events (Gerberick et al. 2000; Williams
et al. 2015). However, the construction of the AOP for skin
sensitization has enabled the development of a multitude of
non-animal test methods that are associated with one or
more of the AOP key events (Mehling et al. 2012; Reisinger
et al. 2015). While certain methods show great promise for
the prediction of skin sensitization potential (Gerberick et al.
2004; Natsch and Emter 2008; Nukada et al. 2012), each
method, when used individually or in combination, has its
own set of limitations. Further, the complexity of the underly-
ing biology indicates that no single measurement is yet suffi-
cient to predict sensitizer potency (Rovida et al. 2015; Urbisch
et al. 2015). Therefore, it is generally assumed that only a
combination of several methods in an integrated testing
strategy will obviate the need for animal testing, although
methods that can serve as stand-alone replacements may be
developed in the future (MacKay et al. 2013; Steiling 2016).
Consequently, many testing strategies combining non-animal
methods have been submitted to the OECD as “defined
approaches” that form part of integrated approaches to test-
ing and assessment (IATA) of skin sensitization (OECD 2016a,
2016b).

This paper presents an evaluation of defined approaches
(DAs) representing non-animal skin sensitization testing strat-
egies that were submitted to the OECD (OECD 2016a, 2016b).
Here, the Cosmetics Europe skin tolerance task force (CE
STTF) and the National Toxicology Program Interagency
Center for the Evaluation of Alternative Toxicological
Methods (NICEATM) partnered to reproduce a subset of these
DAs in a transparent manner, and evaluated them using a
large, partly novel data set of 128 substances chosen based
on the availability of both animal and human skin sensitiza-
tion information (Hoffmann et al. 2018). This evaluation pro-
vides insight into the complexity and applicability of the DAs
and harmonizes their assessment by using the same high-
quality dataset.

Methods
Selection of defined approaches

Our evaluation considered 12 case studies submitted as
examples for the OECD reporting guidance (OECD 201643,
2016b), covering DAs with fixed data interpretation proce-
dures as well as IATA incorporating expert judgment. Five of
the DAs are consensus and decision-tree models that either
predict skin sensitization hazard (sensitizer versus non-sensi-
tizer) or assign the test substance to one of three skin sensi-
tization potency categories. Within this group are “BASF 2



out of 3' — Sens ITS”, “KAO STS”, “KAO ITS”, “RIVM STS”, and
the “JRC CCT". Another group of approaches apply more
complex statistical techniques ("P&G BN-ITS-3”, “Shiseido
ANN-EC3”, “ICCVAM-SVM”, the “L'Oreal stacking model”, and
“Givaudan ITS") that provide categorical or continuous predic-
tions of either hazard or potency. The remaining two
approaches are the “DuPont IATA-SS”, which is a decision
framework integrating all possibly relevant information for
hazard identification, and the “Unilever SARA”, which provides
a framework for risk assessment.

Qualitative evaluation criteria

To allow for a harmonized and systematic evaluation, qualita-
tive evaluation criteria were predefined. We evaluated the
most important technical and practical aspects of the 12
approaches in a manner that facilitated comparison and
selection for the second stage of the evaluation, which would
assess the approaches’ predictive performance. Six criteria
categories were used (Table 2). The category “characteristics”
included basic information, such as the purpose of the
approach and pivotal information sources used for the evalu-
ation. The category “input data” described the information
sources, e.g. in vitro, in chemico, in silico, and expert systems,
used by the approach. The category “prediction algorithm”
described the procedure used by the approach to process
input data to predict skin sensitization hazard potential or
potency. The “mechanistic relevance” of the approach was
characterized with respect to the OECD AOP and the relevant
key event(s). Information on the “applicability domain”
included chemical space coverage and assay limitations.
Finally, “practical aspects” addressed characteristics such as
relative cost factors and availability through contract research
organizations (CROs).

Using these criteria, and placing particular emphasis on
the availability of input data and the feasibility of reproduc-
ing the algorithm using open-source software, we chose six
of the 12 DAs for evaluation of their predictivity. This evalu-
ation used the database described in the companion manu-
script (Hoffmann et al. 2018).

Database

To evaluate the predictivity of these six DAs, the CE STTF col-
lected or generated data on 128 substances with high-quality
human and animal data using previously evaluated non-ani-
mal test methods (Reisinger et al. 2015). LLNA data in the
NICEATM Integrated Chemical Environment resource (Bell
et al. 2017) and human potency classifications according to
(Basketter et al. 2014) were curated for all substances as in
vivo reference standards for comparison, described in detail in
(Hoffmann et al. 2018). The in vitro assays and in silico predic-
tion tools used here are described briefly here and in more
detail in Hoffmann et al. (2018). The direct peptide reactivity
assay (DPRA) is an in chemico test that measures the ability of
a substance to form a hapten—protein complex (Gerberick
et al. 2004, 2007; OECD 2015a), and corresponds to the
molecular initiating event in the skin sensitization AOP as
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described by OECD (2012). An in vitro cell-based assay avail-
able commercially under the trade name KeratinoSens™
(Givaudan) [an equivalent method called LuSens is also avail-
able (Ramirez et al. 2014)] assesses the activation of the Nrf2
pathway in keratinocytes, indicating a substances ability to
induce cytoprotective responses and release of cytokines by
keratinocytes, the second key event in the AOP (Emter et al.
2010; OECD 2015b). In vitro cell activation assays (e.g. the
Human Cell Line Activation Test, h-CLAT; and U937 cell line
activation Test, U-SENS™) measure induction of the third key
event in the AOP, the ability of a substance to activate and
mobilize dendritic cells in the skin (Ashikaga et al. 2006;
Alepee et al. 2015; Piroird et al. 2015; OECD 2017). Software
tools used to generate structure-based predictions of skin sen-
sitization hazard included the proprietary software tools
DEREK (Macmillan et al. 2016) and TIMES (Patlewicz et al.
2007), and the open-source read-across tool OECD Toolbox
(OECD 2014a). Finally, experimental data on six physicochemi-
cal properties relevant to skin exposure and penetration (octa-
nol:water partition coefficient (log P), water solubility, vapor
pressure, melting point, boiling point, and molecular weight)
were collected where available. If experimental values were
not available, these properties were predicted using validated
prediction models (Jaworska et al. 2011, 2013; Patlewicz et al.
2014; Strickland et al. 2016, 2017; Zang et al. 2017a).

Predictive performance assessment

There were twelve strategies submitted to the OECD as case
studies for predicting skin sensitization potential that relied
on DAs using different combinations of these in vitro/in
chemico/in silico data. Six of the DAs, two of which yielded
two models each, were selected based on the above criteria,
reproduced and assessed for predictive performance (indi-
cated in Table 1, far right column). The predictive perform-
ance of these six DAs, covering eight models, was assessed
across all 128 substances against LLNA and human endpoints.
The DAs were first evaluated for their ability to discriminate
between sensitizers and non-sensitizers, and then for their
ability to characterize skin sensitization potency if that ability
was included in the stated purpose of the approach (as indi-
cated in Table 1). Due to differing degrees of overlap
between the training set for each DA and the 128-substance
set, the DAs were also individually evaluated on the substan-
ces that were not part of their respective training sets, as
well as on a common test set.

The potency cutoffs for the LLNA data were based on rec-
ommendations developed by the European Centre for
Ecotoxicology and Toxicology of Chemicals (ECETOC)
(Loveless et al. 2010). In this classification scheme, sensitizers
with summary LLNA EC3 less than 0.1 were classified as
extreme, sensitizers with EC3 between 0.1 and 1 classified as
strong, sensitizers with EC3 between 1 and 10 classified as
moderate, and sensitizers with EC3 greater than 10 classified
as weak. The five potency classes were also combined into
three classes (strong=extreme + strong; weak =modera-
te +weak; and non-sensitizing) to facilitate evaluation of the
DAs providing corresponding three-class predictions. The
human potency classifications were assigned according to
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Table 1. Twelve defined and/or integrated approaches to testing and assessment for assessing skin sensitization potential.

Quantitative

OECD case study title (submitter) Purpose Data inputs Reference evaluation?
An AOP-based “2 out of 3" Integrated Hazard ID DPRA, h-CLAT, KeratinoSens™, Urbisch et al. (2015) Yes
Testing Strategy Approach to Skin U-SENS™
Hazard Identification (BASF)
Sequential Testing Strategy (STS) for Hazard Hazard ID DPRA, h-CLAT, KeratinoSens™, HaCaT van der Veen et al. (2014) No
Identification of Skin Sensitisers (RIVM) gene signature, MultiCASE,
CAESAR, DEREK, OECD QSAR
toolbox
A non-testing pipeline approach for skin Hazard ID Existing data, protein binding profile, Patlewicz et al. (2014) No
sensitisation (DuPont/G. Patlewicz) physicochemical properties, TIMES-
SS, expert judgment
Stacking Meta-model for Skin Sensitisation Hazard ID DPRA, KeratinoSensTM, U—SENSTM, Del Bufalo et al. (2018) No
Hazard Identification (L'Oréal) TIMES-SS, ToxTree, volatility, pH
Integrated decision strategy for skin sensi- Hazard ID DPRA, h-CLAT, KeratinoSens™, OECD Strickland et al. (2016) Yes
tisation hazard (ICCVAM) QSAR Toolbox, physicochemical
properties
Consensus of Classification Trees for Skin Hazard ID TIMES-SS, DRAGON descriptors Asturiol et al. (2016) No
Sensitisation Hazard Prediction (EC-JRC)
Sensitizer Potency Prediction Based on Key Potency Cor1C420 (kinetic peptide reactivity), Natsch et al. (2015) No
Event 1+ 2: Combination of Kinetic (continuous) KeratinoSensTM, TIMES-SS
Peptide Reactivity Data and
KeratinoSens® Data (Givaudan)
The Artificial Neural Network Model for Potency class/EC3 DPRA, h-CLAT, ARE (or Hirota et al. (2015) Yes
Predicting LLNA EC3 (Shiseido) KeratinoSens™)
Bayesian Network DIP (BN-ITS-3) for Hazard Potency class DPRA, h-CLAT, KeratinoSens™, Jaworska et al. (2015) Yes
and Potency Identification of Skin TIMES-SS, bioavailability (solubility
Sensitizers (P&G) at pH 7, log D at pH 7, plasma
protein binding, fraction ionized)
Sequential Testing Strategy (STS) for Potency class DPRA, h-CLAT Takenouchi et al. (2015) Yes
Sensitising Potency Classification Based
on in Chemico and In Vitro Data (Kao)
ITS for Sensitising Potency Classification Potency class DPRA, h-CLAT, DEREK Takenouchi et al. (2015) Yes
Based on In Silico, In Chemico, and In
Vitro Data (Kao)
Data Interpretation Procedure for Skin Sensitization Bioavailability, skin protein kinetics, MacKay et al. (2013) No

Allergy Risk Assessment (SARA)
(Unilever)

probability

ordinary differential equation
model

(Basketter et al. 2014; Api et al. 2017), where category 1 was
categorized as extreme, 2 was strong, 3 was moderate, 4 was
weak, and 5 and 6 were grouped together as negative. Similar
to the approach taken for the LLNA, the five human potency
classes were combined into three classes (strong = extreme +
strong; weak =moderate +weak; and non-sensitizing) to
facilitate evaluation of the DAs providing corresponding
three-class predictions. For hazard identification, these human
categories were dichotomized by considering categories 1-4
as sensitizer and categories 5 and 6 as non-sensitizers. The
hazard analyzes were also repeated with categories 1-5 desig-
nated as sensitizers (4 and 5 grouped together as weak) and
category 6 designated as non-sensitizer.

Five of the six DAs chosen for predictive performance
assessment (Table 1) were reproduced in an open-source
manner by writing R code to apply each prediction method
as described in the respective publications (and summarized
in the results section). The following R packages were used
for analysis and visualization: e7071, RSNNS, gdata, caret, and
ggplot2.

The artificial neural network (ANN) models proposed by
Shiseido were originally built using commercial software
QwikNet v2.23 (Hirota et al. 2015). The open-source R code
written to replace the commercial software QwikNet was able
to reproduce the published results from both ANN models,
with an R?> of 0.62 and root-mean-squared error of 0.64
[matching Figure 2A from Hirota et al. (2015)] and an R? of

0.72 and root-mean-squared error of 0.64 [matching Figure
5A from Hirota et al. (2015)] between predicted and observed
EC3 values. The inputs and output were log transformed and
the ANN models had two hidden layers with five and two
nodes respectively; logistic activation functions were used for
the hidden and output layers; 10 000 iterations were used for
training, and learning rate; scaling functions, and momentum
parameters were inferred from (Hirota et al. 2015) and com-
munication with model developers.

Due to its dependence on commercial BayesiaLab software
and a post-processing probability distribution correction, the
Bayesian ITS-3 network was implemented in BayesialLab as in
(Jaworska et al. 2015) and was applied here after generating
the necessary input features. Predictions for substances that
had been published previously in Jaworska et al. (2015) were
rerun for the current evaluation, as some input parameters
had changed slightly due to software updates or variability in
assay results. The code reproducing each DA (with the excep-
tion of the Bayesian ITS-3), the input data files, the resulting
output predictions, and code to run detailed performance
statistics are available in the Supplemental Materials.

Results

Qualitative evaluation

The results of the qualitative evaluation of the DAs/IATA are
summarized below, particularly with respect to complexity,



Table 2. Qualitative evaluation categories and criteria.

Evaluation category Evaluation criteria

Characteristics Principle

Prediction (i.e. hazard versus potency
[categories or continuous])

Publication

Information sources

Test method (in vitro and in chemico)

- read-out used

- validation status

- reproducibility

- issues (e.g. IP, availability)

In silico/expert system data/physicochemical properties

- read-out used

- availability

- reliability

- issues (e.g. IP, availability)

Expert knowledge

- input used

- availability

Principle

Prediction (i.e. hazard vs. potency
[categories or continuous])

Publication

Information sources

Type
Availability
Transparency
Requirements for implementation (specific software)
Self-learning
Complexity
Sequential information generation
All inputs required?
Predictivity: Sample size (total and for categories)
Predictivity: Parameters
(sensitivity, specificity, concordance)

OECD AOP key events covered
Sequence of OECD AOP events considered
Justification/discussion of the mechanistic relevance

Input data

Prediction algorithm

Mechanistic relevance

Applicability domain  Chemical spectrum tested

Limitations (solubility, surfactants, ...)

Potential limitations for cosmetic ingredients
(e.g. natural extracts cannot be processed by

in silico approaches)

Costs
Can be conducted by CRO?
Time required (per substance)

Practical aspects

AOP coverage, limitations, and selection for quantitative
evaluation. Detailed information for all criteria listed in
Table 2 is provided in Supplementary Table S1.

BASF “2 out of 3”

The DA BASF “2 out of 3” was first described in Bauch et al.
(2012) and subsequently applied to a larger dataset by
Urbisch et al. (2015). The approach predicts skin sensitization
hazard by sequential testing in up to three internationally
accepted non-animal methods with OECD TGs (DPRA,
KeratinoSens™ or LuSens, and h-CLAT or U-SENS™) in an
undefined order. Applying the standard prediction models of
the individual methods, a substance is considered a skin sen-
sitizer if at least two methods predict the substance to be a
sensitizer, and vice versa. In this way, at least two AOP key
events are addressed via a simple consensus approach/deci-
sion tree. So far, mainly industrial chemicals and cosmetic

CRITICAL REVIEWS IN TOXICOLOGY @ 363

ingredients have been tested with this approach. The limita-
tions of this approach are specific to the individual test meth-
ods, such as reduced applicability to poorly water-soluble
substances. Costs are correlated to the number of in vitro
assays required. All of the test methods used in the approach
are currently available through CROs and can be performed
without licensing fees. This approach was selected for quanti-
tative performance assessment based on the availability of
the input features.

RIVM STS

The sequential testing strategy proposed by the RIVM (van
der Veen et al. 2014) predicts human skin sensitization hazard
using a tiered combination of in silico and in vitro methods.
First, the test substance is evaluated using a battery of four
QSAR models (MultiCASE, CAESAR, DEREK, and OECD QSAR
Toolbox), which are combined to derive a sensitizer probabil-
ity prediction (addressing KE 4, as the individual QSAR meth-
ods predict LLNA hazard). Depending on the probability from
the consensus QSAR model, either the DPRA is performed
(completing Tier 1) or the substance is tested in a Tier 2 test
method (KeratinoSens™, if Tier 1 indicates “sensitizer”, or
HaCaT gene signature if Tier 1 indicates “non-sensitizer”). If
the Tier 1 and 2 results are concordant, the test substance is
classified accordingly. If the Tier 1 and 2 results are discord-
ant, the h-CLAT is performed and the test substance is classi-
fied according to the standard h-CLAT prediction model. If all
in vitro test methods are conducted, the RIVM STS covers all
key events in the skin sensitization AOP. The approach can
be readily applied if the user has access to all four QSAR
models, and costs increase accordingly based on the in vitro
methods that need to be run. The applicability domain of
this approach is limited by the respective applicability
domains of the in vitro methods required. This approach was
not selected for quantitative performance assessment due to
lack of HaCaT gene signature data.

DuPont IATA-SS

The “DuPont IATA-SS” approach is an example of a compre-
hensive IATA (requiring an expert judgment step), rather than
a DA with a fixed data interpretation procedure. In this IATA,
described in detail in (Patlewicz et al. 2014), a variety of data
are considered using an ordered decision and integration
process in a weight-of-evidence approach to predict skin sen-
sitization potential. Expert knowledge is required to integrate
existing in vivo and non-animal experimental data, informa-
tion on protein binding profiles, existing mutagenicity and
genotoxicity data, existing skin corrosion and irritation data,
information on possible metabolites and some physicochemi-
cal properties. If data are insufficient to support a prediction
of skin sensitization potential, additional non-animal and pos-
sible in vivo testing is conducted. Being an IATA, the
approach is highly complex, requiring detailed understanding
of the many various inputs and outsourcing to a CRO seems
unlikely. This approach was not selected for quantitative per-
formance assessment primarily due to reliance on expert
judgment.
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L’Oreal Stacking Meta-model

The L'Oreal “Stacking Meta-model” (Gomes et al. 2014; Del
Bufalo et al. 2018) combines multiple in vitro and in silico
parameters covering key events 1 to 3 of the skin sensitization
AOP and gives a probability-based sensitizer hazard predic-
tion. Specifically, this approach integrates in silico predictions
from TIMES-SS and Toxtree; in vitro predictions from DPRA,
KeratinoSens™, and U-SENS™; and physicochemical proper-
ties of the test substance (such as pH and volatility); using five
different statistical methods (Boosting, Naive Bayes, SVM,
Sparse PLS-DA, and Expert Scoring) to create a stacking model
(Gomes et al. 2014) that provides a probability of the test sub-
stance being a sensitizer or non-sensitizer based on defined
thresholds. The Stacking Meta-model can tolerate missing
individual data sources and can be run, for example, on sub-
stances with no defined structure lacking in silico predictions
or on pigments that give inconclusive outcomes in in chemico
or in vitro assays. The applicability domain of the Stacking
Meta-model includes several classes of cosmetic chemicals
and non-cosmetic organic substances that include pre- or pro-
haptens. The approach can be applied to multi-constituent
substances, substances of unknown or variable composition,
complex reaction products, biological materials, or mixtures.
Costs are driven by the necessity to run three in chemico/in
vitro test methods, all of which should be available through
CROs. This approach was not selected for quantitative per-
formance assessment due to lack of data for several input fea-
tures at the time of this study.

ICCVAM SVM

The ICCVAM skin sensitization working group has published
several open-source models to predict skin sensitization haz-
ard and potency based on evaluating multiple machine learn-
ing approaches and feature combinations (Strickland et al.
2016, 2017; Zang et al. 2017b). The ICCVAM SVM model to
predict LLNA hazard is based on h-CLAT results, OECD
Toolbox (version 3.2) predictions of hazard, and six physico-
chemical properties. The model to predict human hazard is
based on KeratinoSens™, h-CLAT, DPRA, log P, and OECD
Toolbox predictions. These cover one or more of the AOP key
events depending on the model. Based on the inclusion of
physicochemical properties and structure-based predictions,
these models are limited to substances with defined struc-
tures and those that are compatible with the in vitro test
methods. Costs vary depending on the choice of model and
associated number of in vitro tests; all can easily be per-
formed by a CRO. This approach was selected for quantitative
performance assessment based on the availability of the
input features.

JRC CCT

The DA proposed by the Joint Research Center (JRC) of the
European Commission is a classification trees consensus (CCT)
model that predicts skin sensitization hazard based on struc-
tural features or protein reactivity descriptors (Asturiol et al.
2016). The underlying database for the JRC CCT approach
consists of 269 organic substances with in vitro and in

chemico assay data and approximately 4500 descriptors gen-
erated with seven freely available or commercial software
packages. Classification trees used in the approach were built
by machine learning using 80% of the substances as a train-
ing set, resulting in a consensus model of two classification
trees using descriptors from the TIMES-SS and Dragon soft-
ware packages. This model should be understood primarily as
a correlative approach, as the mechanistic relevance of the
descriptors for skin sensitization is unclear. The approach is
limited to organic substances with a well-defined identity, so
that they can be processed in both TIMES-SS and Dragon.
The costs are those of the two commercial software pack-
ages. This approach was not selected for quantitative per-
formance assessment due to the lack of availability of
proprietary structural descriptors for this substance set.

Givaudan ITS

The “Givaudan ITS” as described by Natsch et al. (2015) is an
integrated testing strategy that predicts continuously scaled
human and LLNA potency by multivariate regression. Various
key events of the skin sensitization AOP are addressed using
the following features: the KeratinoSens™ assay, information
on adduct formation and peptide reactivity rate constants
from the non-validated Cor1C420-assay, mechanistic alerts for
reactivity of the test substance and key theoretical metabo-
lites, log P, and vapor pressure calculated using TIMES-SS.
Global regression models and models for specific domains,
e.g. epoxides and aldehydes, are available. The approach can-
not be used for substances with log P greater than 5, sub-
stances without defined structures, or substances that are
insoluble in standard solvents. Costs are driven by the in vitro
tests and requirement for commercial software; the
Cor1C420-assay is not currently available through a CRO. This
approach was not selected for quantitative performance
assessment due to absence of Cor1C420-assay data for this
substance set.

Shiseido ANN-EC3

The “ANN-EC3” model developed by Shiseido (Hirota et al.
2015) is a non-linear statistical model that combines multiple
in vitro and in silico parameters covering Key Events 1-3 of
the skin sensitization AOP. The model predicts the LLNA EC3
value using three in vitro methods (SH protein reactivity test,
Antioxidant response element (ARE) test, and h-CLAT).
Information sources can be interchangeable; for example,
DPRA and KeratinoSens™ can be used as replacements for
the SH test and ARE assay, respectively, as they are mechanis-
tically and technologically equivalent. Multiple ANN models
were built, with physicochemical properties of the test sub-
stance and QSAR predictions added as additional descriptors.
The ANN models consist of an input layer (descriptors from in
vitro or in silico results), a hidden layer, and an output layer
(EC3 predictions), where predictive performance was eval-
uated via a 10-fold cross-validation procedure (Hirota et al.
2015). Costs and limitations are specific to the in vitro meth-
ods, e.g. poorly water soluble substances are outside of the
applicability domain. This approach was selected for



quantitative performance assessment based on the availabil-
ity of the input features.

Procter & Gamble BN-ITS 3

The Bayesian network integrated testing strategy (BN ITS-3)
published by Procter & Gamble (P&G) in Jaworska et al.
(2015) is the latest iteration in a series of decision support
systems (Jaworska et al. 2011, 2013) intended to provide
quantitative weight of evidence for potency categorization.
The BN ITS-3 structure uses the quantitative data (rather than
binary outcomes) from the three assays, DPRA,
KeratinoSens™, and h-CLAT that represent Key Events 1-3 of
the skin sensitization AOP. The model also includes structure-
based predictions from TIMES-SS, and a bioavailability calcula-
tion that relies on physicochemical properties calculated at
pH=7 (water solubility, log D, fraction ionized, and plasma
protein binding; calculated using ACD labs software). The
relevant in-domain evidence is integrated using a multistep
process, and a skin sensitization potency prediction is pro-
vided as a probability distribution over four potency classes.
The prediction is post-processed to correct for Michael
acceptor chemistry and subsequently converted to Bayes fac-
tors, where the highest Bayes factor across potency classes
drives the prediction, and a lower Bayes factor indicates
stronger uncertainty. Costs for the approach are based on the
necessity of running three in vitro assays and obtaining com-
mercial software licenses. The BN ITS-3 can also be used with
limited missing data to suggest which experiment should be
conducted next to achieve maximum information and minim-
ize cost or time investment. This approach was selected for
quantitative performance assessment based on the availabil-
ity of the input features and the willingness of P&G to run
the proprietary BN ITS-3 model.

Kao STS

The sequential testing strategy (STS) developed by Kao
(Nukada et al. 2013; Takenouchi et al. 2015) is a straightfor-
ward decision tree based on DPRA and h-CLAT data (address-
ing Key Events 1 and 3 of the AOP). The approach predicts
three LLNA potency classes: strong, weak, and non-sensitiz-
ing. First, the h-CLAT is conducted; if the response is positive,
the test substance is classified as “strong” or “weak” based on
the lowest concentration that led to a positive response and
no further testing is needed. If a negative h-CLAT result is
obtained, the DPRA is conducted. The substance is classified
as “weak” if the DPRA is positive (according to the standard
prediction model), and “non-sensitizing” if the DPRA is nega-
tive. The limitations of this approach are specific to the indi-
vidual test methods, such as reduced predictivity for poorly
water-soluble substances. Costs are driven by the two test
methods, both of which should be available through CROs.
This approach was selected for quantitative performance
assessment based on the availability of the input features.

Kao ITS
The integrated testing strategy (ITS) developed by Kao
(Nukada et al. 2013; Takenouchi et al. 2015) is a scoring-
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based decision tree that uses data from the DPRA and
h-CLAT assays and a skin sensitization hazard prediction gen-
erated by the Derek Nexus software package, and covers Key
Events 1 and 3 of the AOP. Similar to the Kao STS, the Kao
ITS predicts three LLNA potency classes: strong, weak, and
non-sensitizing. The two in vitro tests produce scores of 0-3,
based on the strength of the observed responses, and the
DEREK Nexus alert is either 0 (no alert) or 1 (alert). The sum
of the scores yields the predicted LLNA category (0-1: non-
sensitizer; 2-6: weak; 7: strong). The limitations of this
approach are specific to the individual test methods, and
costs are based on accessing the commercial software DEREK
and running the two test methods, both of which should be
available through CROs. This approach was selected for quan-
titative performance assessment based on the availability of
the input features.

Unilever SARA

The SARA model developed by Unilever uses ordinary differ-
ential equations to provide a qualitative (mechanistic) and
quantitative explanation of the induction of the naive CD8" T
cell response. The SARA model evaluates Key Events 1, 3, and
4 of the skin sensitization AOP and also assesses diffusion
and partitioning of sensitizing chemicals within human skin
(MacKay et al. 2013; Maxwell et al. 2014). The model gener-
ates a prediction of skin sensitization potential using chem-
ical-specific input parameters from a modification of an
accepted test method for skin penetration (OECD 2014b) that
generates data on skin bioavailability kinetics and protein
haptenation (Davies et al. 2011). Uncertainty analysis of the
SARA model has enabled parameter uncertainty to be directly
visualized, and additional risk assessment case studies are
ongoing to further evaluate the predictive capacity of the
approach. Costs are based on the required assays, which
have potentially limited CRO availability. This approach was
not selected for quantitative performance assessment due to
lack of data for several input features and the complexity of
the approach.

Summary of qualitative evaluation

The qualitative evaluation of the 12 case studies submitted to
OECD resulted in the selection of six DAs for quantitative per-
formance assessment (Table 1, far right column). The six
approaches constituted eight models, as the evaluation
included two versions of the ICCVAM SVM approach (one
predicting the LLNA and one predicting human hazard) and
two versions of the Shiseido ANN approach (differing in input
parameters used). Key to the selection of the six approaches
were the ready availability of input data for these
approaches, either through curation or generation by the CE
STTF. In general, the six approaches selected for quantitative
performance assessment relied upon the three in vitro meth-
ods with OECD guidelines (DPRA, KeratinoSens™, and
h-CLAT), did not require expert judgment, and had data inter-
pretation procedures that could be reproduced using open-
source code. The exception to this was the Bayesian ITS-3, for
which generation of the probabilities and Bayes factor
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calculations were reproduced by P&G using the commercially
available BayesiaLab software package. Data analysis and stat-
istical evaluation for all approaches was conducted by
NICEATM to ensure consistency.

LLNA and human reference data

The LLNA and human data used for the quantitative perform-
ance assessment are described in detail elsewhere (Hoffmann
et al. 2018). Briefly, NICEATM collected data from literature
sources for 128 substances having high-quality human stud-
ies and one or more high-quality LLNA studies. There were
multiple LLNA study results for approximately half the sub-
stances, providing an indication of reproducibility, similar to
Dumont et al. (2016), Hoffmann (2015), Roberts et al. (2016)
and others, and necessitating the calculation of a modified
median that required sufficiently high testing concentrations
for negative results (Hoffmann et al. 2018). Using this highly
curated dataset, the ability of the LLNA to accurately predict
human test results was 74% for hazard prediction (sensitizer
versus non-sensitizer), 59% for potency prediction using three
classes (strong, weak, and non-sensitizer) and 45% for
potency prediction using five classes (extreme, strong, moder-
ate, weak, and non-sensitizer). These numbers provided the

baseline for comparison when assessing the predictive per-
formance of the DAs.

Quantitative performance assessments

Following the qualitative evaluation of the DAs shown in
Table 1, the predictive performance of each of the six meth-
ods, encompassing eight models, was quantitatively assessed
against the maximum subset of substances (out of 128) that
had a complete data matrix of input features. Depending on
the DA, this ranged from 120 to 127 substances (indicated in
Supplementary Table S2). The overall statistics in terms of
accuracy (number of correctly classified substances over total
number of substances assessed), false negatives (FN), and
false positives (FP), sensitivity, specificity, and balanced accur-
acy are reported for each DA compared both to LLNA and
human reference data. For potency categorization, the num-
bers of under- and over-predicted substances are also
reported. The quantitative performance results for LLNA and
human endpoints are shown in Tables 3 and 4 (human and
LLNA hazard, respectively) and Tables 5 and 6 (human and
LLNA potency, respectively) for every substance eligible for
evaluation by each DA. In Tables 3 and 5, the LLNA perform-
ance against the human endpoint is shown in bold. The pre-
dictive performance of each DA was also assessed uniquely

Table 3. Defined Approach (DA) performance in predicting human hazard (sensitizer/non-sensitizer).

Predicting Human Hazard

Defined Approach: ~ BASF 2/3 (DKH)  Kao STS  Kao ITS  ICCVAM SVM (Human)  Shiseido ANN (D_hC)  Shiseido ANN (D_hC_KS)  P&G BN ITS-3  LLNA
N 127 126 120 120 126 126 119 128
Accuracy (%)* 77.2 80.2 85.0 81.7 78.6 78.6 75.6 74.2
Sensitivity (%) 793 97.7 93.8 86.4 95.4 100 813 85.2
Specificity (%) 725 41.0 66.7 71.8 41.0 30.8 64.1 50.0
BA (%) 75.9 69.4 80.3 79.1 68.2 65.4 72.7 67.6

*Performance is shown against the maximum subset (N) out of 128 substances with all necessary DA features.
BA: balanced accuracy; STS: sequential testing strategy; ITS: integrated testing strategy; SVM: support vector machine; ANN: artificial neural network; BN: Bayesian

network; DKH and D_hC_KS: DPRA/h-CLAT/KeratinoSens™; D_hC: DPRA/h-CLAT.

Table 4. Defined approach (DA) performance in predicting LLNA hazard (sensitizer/non-sensitizer).

Predicting LLNA Hazard

Defined Approach: BASF 2/3 (DKH) Kao STS Kao ITS ICCVAM SVM (LLNA) Shiseido ANN (D_hC) Shiseido ANN (D_hC_KS) P&G BN ITS-3
N 127 126 120 120 126 126 119
Accuracy (%)* 70.1 77.8 79.2 88.3 76.2 81.0 83.2
Sensitivity (%) 723 92.6 85.6 933 90.4 97.9 83.2
Specificity (%) 63.6 34.4 60.0 733 34.4 313 83.3
BA (%) 68.0 63.5 72.8 833 62.4 64.6 833

*Performance is shown against the maximum subset (N) out of 128 substances with all necessary DA features.
LLNA: local lymph node assay; BA: balanced accuracy; STS: sequential testing strategy; ITS: integrated testing strategy; SVM: support vector machine; ANN: artificial
neural network; BN: Bayesian network; DKH and D_hC_KS: DPRA/h-CLAT/KeratinoSens™; D_hC: DPRA/h-CLAT.

Table 5. Defined Approach (DA) performance in predicting human sensitizing potency.

Predicting Human Potency (Strong, Weak, Non-sensitizers)

Defined approach: Kao STS Kao ITS Shiseido ANN (D_hC) Shiseido ANN (D_hC_KS) P&G BN ITS-3 LLNA
N 126 120 126 126 115 128
Accuracy (%)* 63.5 69.2 61.1 62.7 54.8 59.4
Over-predicted (%) 222 13.3 222 254 20.0 19.5
Under-predicted (%) 14.3 17.5 16.7 11.9 25.2 21.1

*Performance was assessed for prediction of three potency classes as described in the main text, and is shown against the maximum subset (N) out of 128 sub-
stances with all necessary DA features. With the exception of the P&G BN ITS-3, all misclassifications varied by one class only (i.e. no non-sensitizers were pre-
dicted as strong sensitizers or vice versa).

STS: sequential testing strategy; ITS: integrated testing strategy; SVM: support vector machine; ANN: artificial neural network; BN: Bayesian network; DKH and
D_hC_KS: DPRA/h-CLAT/KeratinoSens™; D_hC: DPRA/h-CLAT.
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Table 6. Defined Approach (DA) performance in predicting LLNA sensitizing potency.

Predicting LLNA Potency (Strong, Weak, Non-sensitizers)

Defined Approach: Kao STS Kao ITS Shiseido ANN (D_hC) Shiseido ANN (D_hC_KS) P&G BN ITS-3
N 126 120 126 126 115
Accuracy (%)* 67.5 66.7 65.1 69.8 67.8
Over-predicted (%) 214 14.2 214 23.0 12.2
Under-predicted (%) 1.1 19.2 13.5 7.1 20.0

*Performance was assessed for prediction of three potency classes as described in the main text, and is shown against the maximum subset (N) out of 128 sub-
stances with all necessary DA features. With the exception of the P&G BN ITS-3, all DA human potency predictions were off by one class only (i.e. no non-sensi-

tizers predicted as strong or vice versa).

LLNA: local lymph node assay; STS: sequential testing strategy; ITS: integrated testing strategy; SVM: support vector machine; ANN: artificial neural network; BN:
Bayesian network; DKH and D_hC_KS: DPRA/h-CLAT/KeratinoSens™; D_hC: DPRA/h-CLAT.

against each non-overlapping test set (ranging from 36 to 66
substances, depending on the DA), and is reported in the fol-
lowing sections. The detailed predictions on a substance-by-
substance basis are provided in Supplementary Table S2,
including indications of missing data and overlap with train-
ing sets where applicable, and detailed statistics (e.g. 95%
confidence intervals, no-information rates, p values) can be
obtained by running the code provided in the
Supplementary Materials.

BASF “2 out of 3”

The straightforward consensus approach proposed by BASF
(Urbisch et al. 2015) relies on a majority rule from a set of
three assays combining the DPRA, KeratinoSens™, and the h-
CLAT (referred to as “2/3 DKH"). Another consensus approach
substituted the U-SENS™ for the h-CLAT, but there were too
few substances with U-SENS™ data in this dataset to allow
for a similar evaluation of that approach. When compared to
the human data, the BASF 2/3 DKH yielded 77.2% accuracy
for the binary hazard prediction (18 FN, 11 FP, n=127).
When compared to the LLNA, the BASF 2/3 DKH was 70.1%
accurate in predicting hazard (26 FN, 12 FP, n=127). This
approach did not use any algorithm to optimize the decision
rule to reference data, so there was no training set; however,
there was a 91 substance overlap with the published dataset
(Urbisch et al. 2015). The performance against only the non-
overlapping set of 36 substances was 66.7% in predicting
human hazard (7 FN, 5 FP, n=36) and 58.3% in predicting
LLNA hazard (7 FN, 8 FP, n=136).

Kao STS

The Kao STS DA is a sequential decision tree relying solely
upon the DPRA and h-CLAT assays to provide both hazard
and potency (three class) predictions. The approach predicted
human hazard with accuracy of 80.2% (2 FN, 23 FP, n=126).
The three-class potency prediction was 63.5% accurate, with
18 substances under-predicted and 28 over-predicted. The
Kao STS predicted LLNA hazard outcomes with 77.8% accur-
acy (7 FN, 21 FP, n=126), and classified substances as LLNA
strong, weak, and non-sensitizers with 67.5% accuracy, with
14 substances under-predicted and 27 substances over-pre-
dicted. This DA also did not use a training set in the machine
learning context, but its decision rules were optimized based
on a set of published data covering 101 substances (Nukada
et al. 2013), and later applied to an additional set of 38

substances (Takenouchi et al. 2015). The combined Kao STS
dataset of 139 substances had an overlap of 74 substances
with the set used here. When considering the non-overlap-
ping set of 52 substances, the approach predicted human
hazard with an accuracy of 65.4% (0 FN, 18 FP, n=52), and
human potency with an accuracy of 53.9% for three classes,
with five substances under-predicted and 19 over-predicted.
The approach predicted LLNA hazard of the non-overlapping
substance set with 67.3% accuracy (1 FN, 16 FP, n=52) and
predicted LLNA potency with 61.5% accuracy, with three
under-predicted and 17 over-predicted.

Kao ITS

The Kao ITS is a test battery-based DA that relies upon the
quantitative results from the DPRA and the h-CLAT as well as
in silico hazard predictions from the structure-based DEREK
software. Therefore, natural extracts without defined structure
(Jasmine grandiflorum, Jasmine sambac, Oakmoss, Treemoss,
Tea leaf, and Ylang ylang) were omitted from the assessment
of this DA due to inability to generate DEREK predictions for
these substances. Two versions of the Kao ITS were eval-
uated; the results presented here are from the most recent
version which includes the consideration that under the con-
dition that the lysine peptide co-elutes with the test sub-
stance, one should only consider cysteine peptide depletion
(Hirota et al. 2015). The prediction results from the previous
ITS (Nukada et al. 2013) differ for only a few substances, and
can be found in Supplementary Table S2.

The Kao ITS predicted human skin sensitization hazard
with 85% accuracy (5 FN, 13 FP, n=120), and the 3-classes
potency prediction was 69.2% accurate, with 21 substances
under-predicted and 16 over-predicted. The approach pre-
dicted LLNA hazard outcomes with 79.2% accuracy (13 FN,
12 FP, n=120 and predicted three-class LLNA potency out-
comes with 66.7% accuracy, with 23 substances under-
predicted and 17 substances over-predicted. This DA did
not have a training set, rather an optimization set
(Takenouchi et al. 2015), although DEREK had a training set.
The accuracies against only the 46 non-overlapping substan-
ces for human hazard were 69.6% (3 FN, 11 FP, n=46) and
for human potency 63%, with six substances under-
predicted and 11 over-predicted. The approach predicted
LLNA hazard outcome for the non-overlapping set with 63%
accuracy (7 FN, 10 FP, n=46) and LLNA potency outcomes
with 58.7% accuracy, with nine substances under-predicted
and 10 over-predicted.
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ICCVAM SVM

We evaluated two ICCVAM SVM models to predict skin sensi-
tization hazard, one that was trained on human data
(Strickland et al. 2017) and another that was trained on LLNA
data (Strickland et al. 2016).

The human SVM model uses a prediction of skin sensitiza-
tion hazard generated by OECD Toolbox, log P, the binary
results from the KeratinoSens™ and the h-CLAT, and the
quantitative result (average of lysine and cysteine depletion)
from the DPRA. The model resulted in 81.7% accuracy for
human hazard prediction (11 FN, 11 FP, n=120). This DA was
trained using a machine learning algorithm on a set that had
a 54-substance overlap with the current evaluation set. The
performance against the external test set was 71.2% (8 FN,
11 FP, n=66) in predicting human hazard.

The LLNA SVM model uses the binary (positive/negative)
result from the h-CLAT, the OECD Toolbox hazard prediction,
and six physicochemical properties as inputs (Strickland et al.
2016; Zang et al. 2017a). There were 120 substances those
had all the necessary input features to run the SVM model.
The model was 88.3% accurate for LLNA hazard prediction (6
FN, 8 FP, n=120). This DA was based on a machine learning
algorithm, and used a training set that had 57 substances in
common with set used here. The performance was slightly
less accurate for the external test set, providing 79.4% accur-
acy for LLNA hazard prediction (5 FN, 8 FP, n=63).

Shiseido ANN

Two of the four ANN models described in Hirota et al. (2015)
were evaluated here, chosen based on availability of the
input data and published performance of the models.
The first model (ANN_D_hC) used quantitative values from
the DPRA (average of lysine and cysteine depletion) and the
h-CLAT (minimum of CD86 EC150, CD54 EC200, and CV75) to
predict the EC3 value that would be produced in the LLNA.
The second model (ANN_D_hC_KS) used the same structure
with an additional maximum response input from an in-
house ARE assay that was mechanistically and functionally
similar to the KeratinoSens™ assay. For this analysis, the /ax
value from the KeratinoSens™ was used as the third input. In
both cases, the substance was predicted as negative if all the
inputs were negative; therefore the ANN models only pro-
duced quantitative LLNA EC3 predictions for substances that
were positive in at least one of the input assays.

There were 126 substances in the current database that
had the necessary inputs to run the ANN models. The
ANN_D_hC model was 78.6% predictive of human hazard (4
FN, 23 FP, n=126), and 61.1% predictive for three potency
classes, with 21 substances under-predicted and 28 over-pre-
dicted. The ANN_D_hC model was 76.2% predictive for LLNA
hazard overall (9 FN, 21 FP, n=126), and 65.1% predictive for
3 potency classes, with 17 substances under-predicted and 27
over-predicted. The ANN_D_hC model training set had a 74-
substance overlap with the current set, leaving 52 substances
to serve as an external test set. For human hazard, the test
set accuracy was 63.5% (1 FN, 18 FP, n=52) and 51.9% for
the three potency classes, with six substances under-
predicted and 19 over-predicted. The model was 65.4%

accurate in predicting LLNA sensitization hazard against only
that test set (2 FN, 16 FP, n=52) and 59.6% accurate when
predicting the three potency classes, with four substances
under-predicted and 17 over-predicted. The ANN_D_hC_KS
model was 78.6% predictive for human hazard overall (0 FN,
27 FP, n=126), and 62.7% predictive for three potency
classes, with 15 substances under-predicted and 32 over-pre-
dicted. The ANN_D_hC_KS model was 81% predictive for
LLNA hazard overall (2 FN, 22 FP, n=126), and 69.8% predict-
ive for three potency classes, with nine substances under-pre-
dicted and 29 over-predicted. The ANN_D_hC_KS model
training set had a 44-substance overlap with the current set,
resulting in an 82-substance test set. For human hazard, the
test set accuracy was 73.2% (0 FN, 22 FP, n=82) and 56.1%
for the three potency classes, with 11 substances under-pre-
dicted and 25 over-predicted. The ANN_D_hC_KS model was
78.1% accurate in predicting test set LLNA sensitization haz-
ard (0 FN, 18 FP, n=282) and 65.1% accurate when predicting
the three LLNA potency classes, with five substances under-
predicted and 23 over-predicted.

P&G BN ITS-3

There were 120 substances with the necessary inputs for the
BN ITS-3 model to calculate Bayes factors corresponding to
probabilistic predictions for four potency classes (non-sensi-
tizer and weak, moderate, and strong sensitizers). Of the 120
substances run through the model, 23 substances had Bayes
factors less than 3, indicating a low prediction reliability;
these substances were nonetheless included in the compari-
son. In five cases, two potency classes had an almost identical
Bayes factors; in one case the prediction was borderline non-
sensitizer versus weak, in four other cases it was borderline
within sensitizer categories (e.g. weak/moderate). For the pur-
pose of the hazard evaluation, the one substance that was
borderline non-sensitizer versus weak sensitizer was not
included in the statistical analysis. For the potency evaluation
all five borderline cases were removed. Thus, the ITS-3 model
yielded 119 substances with hazard predictions and 115 sub-
stances with potency predictions that could be compared to
the LLNA and human data. For potency prediction compari-
sons, moderate and weak were combined into one category
labeled “weak”.

The BN ITS-3 model predicted human skin sensitization
hazard with 75.6% accuracy (15 FN, 14 FP, n=119), and
54.8% predictive for three potency classes, with 29 substan-
ces under-predicted and 23 over-predicted. The BN ITS-3
model predicted LLNA hazard outcomes with 83.2% accuracy
(15 FN, 5 FP, n=119), and 67.8% accuracy for three potency
classes, with 23 substances under-predicted and 14 over-pre-
dicted. The BN ITS-3 model training set had a 66-substance
overlap with the current set, leaving 54 substances with data
to serve as an external test set. The model was 66.7% accur-
ate in predicting human sensitization hazard against only
that test set (9 FN, 9 FP) and 52.8% accurate when predicting
the three potency classes, with 12 substances under-pre-
dicted and 13 over-predicted. For LLNA hazard, the test set
accuracy was 75.9% (9 FN, 4 FP, n=54) and 66% for the



three potency classes, with 11 substances under-predicted
and seven over-predicted.

Common test set

The eight models from the six DAs had varying degrees of
substance overlap between the 128-substance dataset used
for the current analysis and their respective optimization or
training sets. There were 28 substances (3 strong human sen-
sitizers, 15 weak, and 10 non-sensitizers) that were common
to the non-overlapping external test sets of all the DAs.
Should the reader wish to compare DAs in a pairwise or sub-
set fashion with a larger number of substances, all the neces-
sary information is provided in Supplementary Table S2. The
performance of each of the in vitro assays and the DAs, in
terms of sensitivity, specificity, balanced accuracy, and accur-
acy, against the 28-substance common test set, for both
LLNA and human data, is shown in Supplementary Table S3.
The LLNA predictive performance against the human end-
point for these 28 substances was quite low, at 50% accuracy
for hazard prediction. The performance was uniformly higher
(61-75%) across all the DAs when predicting human hazard.
The performance ranged from 50% to 79% when comparing
the DAs to the LLNA endpoint. Several of the DAs (e.g. Kao
STS and Shiseido ANN models) were skewed toward sensitiv-
ity. Similar to the performance against the entire 128-sub-
stance dataset and their respective external test sets, all the
DAs demonstrated superior performance to the LLNA in pre-
dicting the human endpoint for the common test set.

Concordance across substances

Out of the 128-substance dataset, 127 substances could be
run in at least one of the DAs (2-Hexylidene cyclopentanone
did not have data for DPRA or h-CLAT). Out of the 127 sub-
stances, there were 50 human skin sensitizers that were cor-
rectly predicted by all the DAs, all of which were also positive
in the LLNA, and nine non-sensitizers that were also correctly
predicted as negative by all the DAs and the LLNA. The
remaining 68 substances had some degree of discordance
when compared across all the DAs, as shown in Figure 1. The
dendrogram on the left shows clusters of substances (by
complete linkage method) that exhibit varying patterns
across the DA predictions when compared to LLNA and
human hazard data. Supplementary Figures ST and S2 show
similar heatmaps for all substances, for hazard and potency
respectively. Patterns in DA predictivity across physicochemi-
cal properties, mechanistic reaction domains, and ability to
predict pre- and pro-haptens were examined (comparisons
given in Supplementary Table S4). Similar to the results for
the individual test methods presented in (Hoffmann et al.
2018), few significant differences from overall predictive per-
formance across the substance set were observed. As was
observed with the DPRA alone, the substances reacting by
acyl transfer, which are all human sensitizers, were uniformly
predicted as positive across the DAs, with the exceptions of
Benzoyl peroxide (FN in the BASF 2 out of 3) and Penicillin G
(FN in the ICCVAM_SVM_Human model). Of the 22 human
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sensitizing pre- and pro-haptens, all were predicted correctly
by the majority (five or more) of the DAs, and 17 (77%) were
predicted correctly by every DA. Limonene was designated as
a pre-hapten by (Patlewicz et al. 2016), and was predicted as
a sensitizer by five DAs, but was categorized as a human
non-sensitizer based on Basketter et al. (2014).

Discussion

Given the marketing ban on cosmetics ingredients tested on
animals that has been implemented or is pending in many
parts of the world, there is a critical need to identify and val-
idate non-animal testing strategies for skin sensitization haz-
ard and potency. Validated alternative testing strategies will
enable rapid, effective risk assessment of cosmetics products
and other types of substances. The field of skin sensitization
is ahead of other areas of toxicology in this regard because
the biological steps comprising the adverse outcome path-
way for skin sensitization are relatively well understood, and
corresponding test methods have been developed to address
these key cellular and molecular events. In addition, the exist-
ence of reliable human data, i.e. clinical reports from occupa-
tional exposures and standardized data collection from
human patch tests, is a rare asset that facilitates development
and assessment of new methods for this endpoint.

Evaluating non-animal testing strategies that combine
these novel approaches requires an appropriate basis for
comparison. The regulatory “reference standard” animal
model, the LLNA, provides a benchmark, both in terms of
predictive performance against the human response and reli-
ability/reproducibility of the animal test. When compared to
the human data for 128 substances used in this analysis, the
LLNA was 74% predictive for the binary hazard endpoint,
59% predictive for three potency classes, and 45% predictive
for five potency classes. Other studies have shown similar
results, such as the 1999 ICCVAM evaluation of the LLNA,
where accuracy with respect to human hazard classification
was 72% (n=57) or more recently as high as 82% (n=111)
(Urbisch et al. 2015). For three potency categories (strong,
weak, and non-sensitizers), ICCVAM (2010) found the accuracy
of the LLNA to be 61% (n=56). Certain regulatory agencies,
such as the U.S. Food and Drug Administration, still accept
guinea pig data; the accuracy of this animal test in predicting
human outcomes is similar to the LLNA, with 72% accuracy
in hazard classification (n=57) and 59% accuracy in potency
classification (n=56). The baseline reproducibility of the
LLNA provides another metric for comparison. The concord-
ance between individual LLNA tests for a given substance
tested multiple times and the summary statistic for that sub-
stance ranges from 63% to 73% (depending on the summary
statistic used). In contrast, the inter-laboratory reproducibil-
ities of the OECD-validated in vitro tests are all greater than
80% (OECD 20154, 2015b, 2017).

In the current study, multiple DAs and IATA submitted to
the OECD as case studies for predicting skin sensitization haz-
ard or potency were first evaluated in a qualitative manner,
i.e. by characterizing the input requirements, feasibility of
application by naive users, transparency, etc. Those that
could be reproduced using open-source software (or in the
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Figure 1. The heatmap shows defined approach (DA) predictions and LLNA/Human hazard data for the 68 substances with some degree of discordance across the
results. Orange or red indicates sensitizer based on DA predictions or in vivo data, respectively, and tan cells are non-sensitizer predictions/data. White indicates that
not all required features were present to run the model for the DA. The dendrogram on the left shows clusters of substances (complete linkage method) and the
color coding above the plot indicates which features were used by each model. Abbreviations for each DA name are defined in the text.

case of the Bayesian ITS-3, software provided by CE STTF
members) were quantitatively evaluated against a large set of
substances having both LLNA and human data available,
including many cosmetics ingredients. For this entire sub-
stance set, the accuracy of the eight models, derived from six
DAs, in predicting the LLNA skin sensitization hazard end-
point ranged from 70% to 88%. The five potency prediction

models evaluated here showed 65-70% predictive perform-
ance in discriminating strong, weak, and non-sensitizers
based on the LLNA endpoint. As indicated previously, when
examining multiple LLNA tests for the same substance there
is a fairly low concordance between the potency categories
that would be assigned if one relied exclusively on an indi-
vidual LLNA result versus the weight-of-evidence provided by



multiple tests, regardless of the summary metric used for the
EC3 (e.g. median, mean, etc.). For hazard identification, the
LLNA displays 78% concordance with itself, while potency
categorization is 63-73% depending on the summary metric
(Hoffmann et al. 2018). This reflects the variability in the ani-
mal data and provides an indication of the uncertainty that
exists when comparing DA predictions to the LLNA endpoint,
especially in the case of substances that only have one LLNA
study. Further, as the goal is ultimately to predict skin sensi-
tization in humans, comparing the DA outcomes to the ani-
mal results obscures the true accuracies of the models, which
may be, and in many cases are, superior to the animal data
in predicting the human endpoint.

In fact, all the non-animal DAs evaluated here performed
as well as or better than the LLNA in predicting human skin
sensitization endpoints for both hazard and potency. The per-
formance of the DAs evaluated here in predicting human skin
sensitization hazard endpoint ranged from 76% to 85% (com-
pared to the LLNA, which was 74% accurate). The DAs that
predicted three potency classes showed 55-69% predictive
performance in discriminating strong, weak, and non-sensi-
tizers based on the human categories outlined in Basketter
et al. (2014), (compared to 59% for the LLNA). No strong
human sensitizers were falsely predicted as non-sensitizers by
any of the DAs, except for the BN ITS-3 predictions for trans-
2-hexenal and 6-methyl-3,5-heptadien-2-one. Certain DAs
maximize sensitivity at the expense of specificity (e.g. Kao
STS and both Shiseido ANN models). The highest balanced
accuracy (80%) against the human hazard endpoint was pro-
duced by the Kao ITS model, which depends on DPRA, h-
CLAT, and DEREK predictions. However, as shown in Figure 1,
the DAs that include in silico predictions cannot be applied
to natural products without defined structures, such as
Treemoss, Jasmine, and Ylang ylang. Certain compounds
were consistently mispredicted as sensitizers across all the
DAs, including those that were also false positives in the
LLNA (Anisyl alcohol, Citronellol, Pentachlorophenol, and
OTNE), and Hydrocortisone, which was negative in the LLNA.
None of the human sensitizers were missed by every DA, but
Coumarin was a false negative in all DAs except the
ANN_D_hC_KS. Moreover, three other substances (Allyl phe-
noxyacetate, Benzyl alcohol, and Benzyl Cinnamate) were cor-
rectly identified as sensitizers by only three out of the eight
models.

Each of the data interpretation procedures used by the
DAs has a unique set of advantages and limitations. The test
battery methods require very limited computational power
and are transparent and mechanistically interpretable. The
machine learning methods can combine features in unique
ways that may increase the predictive power, with a tradeoff
in loss of transparency. Interestingly, the hazard predictions
for the Kao STS and the ANN_D_hC models (which both
depend on DPRA and h-CLAT) are almost identical, despite
having extremely different data interpretation procedures,
indicating at least in this case that complex approaches may
not provide added benefit over a simple decision tree.
However, the more complex DAs, like the ANNs, also have
the ability to provide a quantitative prediction of potency
potentially to be used for skin sensitization risk assessment.
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Most of the DAs also rely heavily upon one or more of three
in vitro test methods. The prediction models for the individual
test methods were optimized in different fashions, to increase
accuracy or to reduce false negatives, which is demonstrated
via the performance of the individual test methods and
propagated to the DAs that depend on those methods and
the associated prediction models. Factors affecting applicabil-
ity of the individual methods (e.g. technological limitations)
need to be considered in application of the DAs. There is also
a need for careful tracking of software versions for all DAs
that rely on in silico tools, in case retraining of the model is
warranted.

There exist particular challenges concerning the applica-
tion of the potency categorizations, for both the LLNA and
the human data. The LLNA potency prediction models eval-
uated here were trained on the ECETOC cutoff of an EC3 of
1% for strong sensitizers, rather than the EU-CLP cutoff of 2%
for Categories 1 A/1B. The database presented in the compan-
ion paper (Hoffmann et al. 2018) could be used to develop
DAs that specifically target these subcategories. In the case of
the human data, substances with individual case reports of
sensitization have been considered here as non-sensitizers,
matching the current European regulatory approach, but in
certain high-exposure scenarios for cosmetics ingredients
very weak potencies may play a role. Therefore, the current
analysis was repeated under a reclassification where only
human category 6 substances (Basketter et al. 2014) were
considered negatives (category 5 were designated weak posi-
tives), and the accuracies were very similar, with a tradeoff
resulting in very few false positives, but more false negatives
from category 5 (see Supplementary Material for code to run
performance statistics with alternate human data classifica-
tion). An example from category 5 is isopropanol, a substance
used in many cosmetic products. No relevant intrinsic sensi-
tization potential has been reported [recently reviewed by
Zhang et al. (2017)]. However, some positive patch test
results under specific medical treatment conditions have
been reported (Garcia-Gavin et al. 2011) that are not consid-
ered relevant for cosmetics. Consequently, there is an intrinsic
potency to induce skin sensitization in humans, but cosmetic
exposure is highly unlikely to induce skin sensitization.

The system used by Basketter et al. (2014) enables human
potency categorization by a combination of direct human
induction (e.g. HRIPT) and pre-clinical induction (LLNA) data
with  human clinical data (diagnostic patch test).
Consequently, the categorization is based on the existence of
intrinsic hazard potency of the substance in question (HRIPT,
LLNA) and its contact allergy prevalence, particularly referring
to the subset of the general population attending dermatol-
ogy clinics (Thyssen et al. 2007). This is considered to permit
better (expert) judgment of sensitization rates in the context
of real life exposure relevant for consumers. While human
potency categorization based on expert judgment is very
valuable, the transparency and reproducibility of this classifi-
cation system needs to be increased, and work is ongoing in
this area (Api et al. 2017). Another point to consider is that
many of the DAs, and indeed the individual test methods
they rely upon, use prediction models that were trained on
LLNA data, which may be negatively influencing their
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predictive performance against human sensitization catego-
ries. As discussed in Hoffmann et al. (2018), prediction models
could be developed for subsets of substances based on a
priori information such as physicochemical properties, rather
than attempting to apply global models across chemical
space.

The DAs and IATA that we were not able to quantitatively
evaluate here have also demonstrated strong performance in
predicting skin sensitization potential, and the current work is
not meant to exclude them from consideration in regulatory
risk assessment. Integrated assessments will inherently incorp-
orate all reliable and relevant information, such as physico-
chemical data, intended substance function (e.g. dye) or
origin (e.g. natural extracts), information on suspected trans-
formation, skin penetration information, etc. Additional con-
siderations that could be the subject of future efforts include
strategy optimization for potency predictions (to specifically
identify strong sensitizers, for example), and development of
testing strategy amendments for specific purposes (e.g. expli-
cit confirmation of non-sensitization). Further characterization
of variability and uncertainty in the human data and the non-
animal data, as well as expansion of the human reference
dataset, are also needed. These and other aspects are being
addressed by the International Cooperation on Alternative
Test Methods (ICATM) in the context of the OECD Test
Guidelines Program to facilitate international regulatory har-
monization (Casati et al. 2017), and also by Cosmetics Europe
(Hoffmann et al. 2018). Furthermore, these results can be
combined with data on other types of substances to expand
and evaluate the applicability domain of the DAs. The U.S.
National Toxicology Program is working with ICCVAM federal
agencies to generate in vitro data on nominated substances
and formulation products that will facilitate further evaluation
of these DAs for non-cosmetics, e.g. pesticides and industrial
chemicals.

In this study, we qualitatively and quantitatively evaluated
several non-animal DAs for skin sensitization testing that
used data from validated in vitro assays, non-testing resources
such as in silico predictions and physicochemical properties,
and algorithms that were in most cases reproduced using
open-source code. The code provided here will enable others
to apply the DAs to additional substances as new datasets
are generated. All of the DAs demonstrated equivalent or
superior performance to existing animal tests and were suc-
cessful in predicting human skin sensitization outcomes for
both hazard and potency. These DAs rely heavily upon in
vitro assays mapped to key events in the AOP, and in some
cases require input from commercial or open-source in silico
tools. This work represents significant progress towards for-
malizing performance criteria that can be applied to any new
non-animal testing strategy, and identifies DAs that could
serve as effective replacements to the LLNA in predicting

human skin sensitization hazard or indeed for risk
assessment.
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