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ARTICLE INFO ABSTRACT

Keywords: Skin sensitization is an important toxicological endpoint in the safety assessment of chemicals and cosmetic
Skin sensitization ingredients. Driven by ethical considerations and European Union (EU) legislation, its assessment has progressed
In vitro from the reliance on traditional animal models to the use of non-animal test methods. It is generally accepted
In silico

that the assessment of skin sensitization requires the integration of various non-animal test methods in defined
approaches (DAs), to cover the mechanistic key events of the adverse outcomes pathway (AOP) (OECD, 2014).
Several case studies for DAs predicting skin sensitization hazard or potency have been submitted to the OECD,
including a stacking meta-model developed by L'Oréal Research & Innovation (OECD, 2017b; Del Bufalo et al.,
2018; Nocairi et al., 2016). The present study evaluated the predictive performance of the defined approach
integrating a stacking meta-model incorporating in silico, in chemico and in vitro assays, using the Cosmetics
Europe (CE) skin sensitization database. Based on the optimized prediction cut-offs, the defined approach
provided a hazard prediction for 97 chemicals with a sensitivity of 91%, a specificity of 76% and accuracy of
86% (kappa of 0.67) against human skin sensitization hazard data and a sensitivity of 85%, specificity of 91%
and accuracy of 87% (kappa of 0.67) against Local Lymph Node Assay (LLNA) hazard data. A comparison of the
in vivo LLNA with human hazard data for the same 97 chemicals showed a sensitivity of 92%, specificity of 51%
and accuracy of 78% (kappa of 0.48). Thus, the defined approach showed a higher degree of concordance, as
compared to the LLNA for predicting human skin sensitization hazard. Moreover, a comparison with the six DAs
selected for evaluation of their predictivity in the study by Kleinstreuer et al. (2018) showed a similar high
accuracy of 86% for 97 overlapping chemicals. The next step will be an independent evaluation of the DA for its
integration in the performances based test guidelines (PBTG) for skin sensitization.

Defined approach
Hazard identification
Risk assessment

1. Introduction murine local lymph node assay (LLNA) (Gerberick et al., 2000). How-

ever, ethical considerations, the ban on animal testing for cosmetic

Skin sensitization is an important toxicological endpoint in the
safety assessment of chemicals and cosmetic ingredients. For several
decades, skin sensitization potential has been assessed using animal
models such as the guinea pig maximization test (Magnusson and
Kligman, 1969), Buehler test (Buehler, 1965) or the more refined

purposes (EU, 2003) and the REACH regulation (ECHA, 2017) have
urged a transition towards the use of non-animal test methods and
strategies (Reisinger et al., 2015; Basketter et al., 2015; Ezendam et al.,
2016).

The development of non-animal test methods and strategies has

Abbreviations: AOP, Adverse Outcomes Pathway; CE, Cosmetics Europe; CLP, Classification Labelling Packaging; DAs, Defined Approaches; DMSO, Dimethyl
Sulfoxide; DPRA, Direct Peptide Reactivity Assay; ECHA, European Chemicals Agency; EU, European Union; FN, False Negative; FP, False Positive; h-CLAT, human
Cell Line Activation Test; HRIPT, The Human Repeat Insult Patch Test; IATA, The Integrated Approaches to Testing and Assessment; ICCVAM, The Interagency
Coordinating Committee on the Validation of Alternative Methods; IL-8 Luc, Interleukin-8 Reporter Gene assay; INC, Inconclusive; ITS, The Integrated Testing
Strategy; KE, Key Event; LLNA, Local Lymph Node Assay; N, Negative; NA, Not Applicable; NICEATM, The National Toxicology Program Interagency Center for
Evaluation of Alternative Toxicological Methods; NOEL, No Observed Effect Level; NR, Not Reactive; NS, Non Sensitizer; OECD, The Organization for Economic Co-
operation and Development; P, Positive; PBTG, The Performances Based Test Guidelines; QSAR, Quantitative Structure-Activity Relationship models; R, Reactive;
REACH, Registration, Evaluation, Authorization and Restriction of Chemicals; S, Sensitizer; SVM, Support Vector Machine; TIMES-SS, TIssue MEtabolism Simulator
skin sensitization model; U-SENS™, U937 cell line activation Test; VP, Vapor Pressure

* Corresponding author at: L'Oréal Research & Innovation, 1 avenue Eugéne Schueller, 93600 Aulnay Sous Bois, France.

E-mail address: fleur.tourneix@rd.loreal.com (F. Tourneix).

https://doi.org/10.1016/j.tiv.2019.05.008

Received 22 November 2018; Received in revised form 10 May 2019; Accepted 13 May 2019

Available online 14 May 2019
0887-2333/ © 2019 Elsevier Ltd. All rights reserved.


http://www.sciencedirect.com/science/journal/08872333
https://www.elsevier.com/locate/toxinvit
https://doi.org/10.1016/j.tiv.2019.05.008
https://doi.org/10.1016/j.tiv.2019.05.008
mailto:fleur.tourneix@rd.loreal.com
https://doi.org/10.1016/j.tiv.2019.05.008
http://crossmark.crossref.org/dialog/?doi=10.1016/j.tiv.2019.05.008&domain=pdf

F. Tourneix, et al.

been facilitated by the documentation of the skin sensitization adverse
outcome pathway (AOP), which identified four mechanistic key events
(KEs): 1) the covalent binding of haptens to skin proteins, 2) kerati-
nocyte activation, 3) dendritic cell activation and 4) T-cell proliferation
(OECD, 2014). At present, the first three AOP KEs can be assessed by
formally validated and OECD accepted non-animal test methods in-
cluding: the Direct Peptide Reactivity Assay (DPRA) (KE 1), Keratino-
sens™, Lu-SENS (KE 2), human Cell Line Activation Test (h-CLAT),
U937 cell line activation Test (U-SENS™), and Interleukin-8 Reporter
Gene Assay (IL-8 Luc assay) (KE 3), (OECD TG 442C, 442D, 442E)
(OECD, 2015; OECD, 2018a; OECD, 2018b), whereas methods to assess
T-cell proliferation (KE 4) still require further optimization (van Vliet
et al., 2017).

It is generally accepted that the assessment of skin sensitization
requires the integration of information from various non-animal test
methods in Defined Approaches (DAs) to cover the AOP KEs (Jowsey
et al., 2006; Vandebriel and van Loveren, 2010; Reisinger et al., 2015;
Ezendam et al., 2016; Roberts and Patlewicz, 2017). Consequently, a
number of case studies of DAs integrating in chemico, in silico and in vitro
data for predicting skin sensitization hazard or potency have been
submitted to the OECD according to a guidance document on reporting
(OECD, 2017a, 2017b). Cosmetics Europe and the National Toxicology
Program Interagency Center for Evaluation of Alternative Toxicological
Methods (NICEATM) have evaluated the performance of six submitted
DAs using a database with non-animal test method, LLNA and human
skin sensitization data (Hoffmann et al., 2018). The results of this
evaluation demonstrated that several DAs had a comparable or superior
predictive capacity to the LLNA in predicting human skin sensitization
hazard and potency (Kleinstreuer et al., 2018).

The defined approach integrating a stacking meta-model for skin
sensitization hazard identification developed by L'Oréal Research &
Innovation (Del Bufalo et al., 2018, Nocairi et al., 2016,) was one of the
DA case studies submitted to the OECD (OECD, 2017b). The approach
includes a statistical probabilistic model that combines 7 input vari-
ables including physicochemical properties (pH, volatility), in silico
(TIMES, ToxTree) and in vitro (DPRA, KeratinoSens™, U-SENS™) para-
meters covering AOP KEs 1 to 3. All variables are analyzed through 5
statistical models (Boosting, Naive Bayes, Support Vector Machine,
Sparse PLS-DA and Expert Scoring (Gomes et al., 2014). The outputs of
each model are then linearly combined in a stacking model that pro-
vides a final probability for the test chemical to be a sensitizer allowing
its hazard prediction (Sensitizer (S) / non sensitizer (NS)) (Nocairi
et al.,, 2016). A key benefit of the stacking approach is that the dis-
tribution of the probabilities becomes more bimodal compared to the
individual models, which enhances the confidence in the hazard pre-
dictions. The defined approach was built using a dataset of 165 che-
micals with LLNA in vivo hazard data, for which it showed an overall
accuracy of 93% (Del Bufalo et al., 2018).

As the stacking meta-model was not available for an external eva-
luation at the time of the Cosmetics Europe study (Kleinstreuer et al.,
2018), this DA was only listed in the comparative analysis of all DAs
based on qualitative evaluation criteria, but could not be part of the 6
DAs that were evaluated for their predictive performance on the CE
database. Recently, the model was described by Del Bufalo et al., 2018
and became publically available. We present here the quantitative
predictive performance of the defined approach for its ability to dis-
criminate between sensitizers and non-sensitizers using the same CE
skin sensitization database (Hoffmann et al., 2018). The final hazard
(S/NS) predictions made by the stacking-model were compared to the
human and LLNA skin sensitization hazard data to assess its perfor-
mance in comparison to the in vivo “gold standards” and other DAs
submitted as case studies to the OECD (OECD, 2017b; Kleinstreuer
et al., 2018).
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2. Materials and methods
2.1. Data source

The CE skin sensitization database published by Hoffmann et al.,
2018 was used as a data source to compile a comprehensive dataset to
evaluate the predictive performance of the L'Oréal defined approach. In
addition to the in vitro test methods data, the database contains curated
LLNA and human potency categories skin sensitization reference data
by Basketter et al., 2014. Of the 128 chemicals in the database, 105
chemicals fulfilled the data input criteria for the present defined ap-
proach. For the remaining 23 chemicals, no U-SENS™ data was avail-
able. Based on their human potency class (described in Basketter et al.),
the human skin sensitization hazard categories (S/NS) for the 105
chemicals were designated according following rule (suggested by
Basketter et al.): chemicals in categories 1-4 were designated as posi-
tives (S) and chemicals in categories 5 and 6 were grouped together as
negatives (NS). This classification provided a balanced dataset of 67
sensitizers and 38 non-sensitizers. Of the 105 selected chemicals, 31
were overlapping with the learning test set in the L'Oréal internal da-
tabase used to develop the defined approach integrating a stacking
meta-model (Del Bufalo et al., 2018). The details for the 105 chemicals
including the input data, LLNA hazard category and human potency
category are presented in Table 1.

2.2. Physicochemical parameters

The volatility of the 105 chemicals was determined using the
MPBPWIN™ model from the open source Episuite™ software version 4.1
(US EPA, 2012). The model estimates vapor pressure (VP) based on the
structure of a given chemical. These VP values were converted into
volatility classes according to Spicer, 2002: VP < 10-7 mmHg = non-
volatile; VP between 10 and 7 and 10-1 mmHg = semi volatile; VP
between 10 and 1 and 380 mmHg = volatile; VP > 380 mmHg = very
volatile. The pH values were measured internally by L'Oréal labora-
tories using a method adapted from OECD Test Guideline No. 122 for
the Testing of Chemicals (OECD, 2013). For 3 chemicals, the pH could
not be determined and a pH of 7 was attributed (see Table 1).

2.3. In silico data

The in silico data was generated using the open source in silico
prediction software ToxTree (version 2.6.13) and more specifically the
module: Skin sensitisation reactivity domains (Ideaconsult Ltd). When
nucleophilic aromatic substitution (SyAr), bimolecular nucleophilic
substitution (Sn2), acyl transfer agent, Michael acceptor and Schiff base
formation alerts were identified, the chemical was classified as reactive
(R), whereas in the absence of reactivity alerts, it was classified as non-
reactive (NR), (Aptula and Roberts, 2006). Moreover, the in silico TIssue
MEtabolism Simulator skin sensitization model (TIMES-SS version
2.27.18.3) (OASIS-LMC) was used to analyze the parent molecular
structure as well as its simulated metabolites to predict skin sensitiza-
tion potency based on structural alerts and 3D-QSARs. The final in silico
prediction was based on the most potent structure among the parent
chemical and its metabolites and was expressed as non-sensitizer, weak
or strong sensitizer (Patlewicz et al., 2007). For the stacking meta-
model input, the weak and strong sensitizers were grouped together as
sensitizer.

2.4. In vitro data

The in vitro data including DPRA, KeratinoSens™ and U-SENS™ data
were directly obtained from the CE database (Hoffmann et al., 2018).
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Table 1
Dataset of 105 chemicals from the Cosmetics Europe’ skin sensitization database.
Chemical name CAS (Le:;g:.;lTest pH  Volatility  Toxtree T”;‘SES' DPRA K;::S‘:,"' U-SENS™ S'Stf]'fe':g H:ﬁ?" 331"33 Lr«]:“gsA }];;Zﬁi C:l‘:f;rs;te
set) Cat? Cat’ median* Cat® Cat®
1,4-Phenylenediamine 106-50-3 L 9 Semi_volatile R P R P P 93.7 1 S 0.15 N N
tetrachlorosalicylanilide 1154-59-2 no 6.6 Non_volatile R P R P P 83.8 1 S 0.04 S S
methylisothiazolinone (act.9.7%) 2682-20-4 no 4.5 Semi_volatile R P R P P 95.1 1 S 19 S S
dimethyl fumarate 624-49-7 no 7.1 Semi_volatile R P R P P 91.6 1 S 0.35 S N
diphenylcyclopropenone 886-38-4 no 7.8 Semi_volatile R P R P P 91.5 1 S 0.05 S S
2,4-dinitrochlorobenzen DNCB 97-00-7 L 8.7 Semi_volatile R P R P P 93.7 1 S 0.06 S S
cinnamic aldehyde 104-55-2 no 2.7 Semi_volatile R P R P P 95.2 2 S 1.15 S S
glyoxal (act. 40%) 107-22-2 L 5 | Very_volatile NR P R P P 93.8 2 S 0.6 S S
3-dimethylaminopropylamine 109-55-7 L 11.5 | Very_volatile R INC NR P P 81.6 2 S 22 S S
methyl heptine carbonate 111-12-6 T 54 Very_volatile R P R P P 95.6 2 S 0.5 N N
glutaraldehyde (act. 50%) 111-30-8 L 4.1 Very_volatile R P R P P 95.6 2 S 0.09 S S
lauryl gallate 1166-52-5 no 8.0 Non_volatile R P R P P 82.7 2 S 0.3 S N
propyl gallate 121-79-9 T 6 Semi_volatile R P R P P 91.7 2 S 0.32 N N
diethyl maleate 141-05-9 L 8.8 Very_volatile R P R P P 94.5 2 S 4.7 S S
1,2-benzisothiazolin-3-one 2634-33-5 L 6.3 Semi_volatile R P R P P 91.6 2 S 4.8 S S
lyral 31906-04-4 no 7.1 Semi_volatile R P R P P 91.6 2 N 17.1 N N
methyldibromo glutaronitrile 35691-65-7 L 8 Semi_volatile R P R P P 91.5 2 S 0.9 N S
formaldehyde (act. 37%) 50-00-0 T 8 Very_volatile R P R P P 92.4 2 S 0.85 S S
2-nitro-1,4-phenylenediamine 5307-14-2 L 8.2 Semi_volatile R P R P P 914 2 S 3.95 S S
toluene diamine sulphate 615-50-9 L 25 Semi_volatile R P R P P 95.2 2 S 0.4 S S
2-aminophenol 95-55-6 no 8.4 Semi_volatile R P R P P 91.4 2 S 0.45 S N
thioglycerol 96-27-5 L 6.9 Semi_volatile NR P R N P 71.4 2 S 3.6 S S
isoeugenol 97-54-1 L 7.3 Semi_volatile R P R P P 91.5 2 S 1.35 S S
methyl Z-nonynoate (Methyl 111-80-8 no 6.7 | Semivolatile | R P R P P 91.6 2 s 25 s s
octine carbonate)
trans-2-hexenal 6728-26-3 L 2.9 | Very_volatile R P R P P 95.5 2 S 4.05 S N
2-methoxy-4-methylphenol 93-51-6 no 7.5 Semi_volatile R P NR N P 70.4 2 S 5.6 S S
cinnamic alcohol 104-54-1 no 4.1 Semi_volatile R P R P P 95.1 3 S 20.6 N N
ethylene diamine 107-15-3 L 11.4 | Very_volatile R INC NR P P 81.7 3 S 34 S N
1,4-dihydroquinone 123-31-9 L 72 Semi_volatile R P R P P 91.6 3 S 0.12 S S
5-methyl-2,3-hexanedione 13706-86-0 no 3.7 Very_volatile R P R P P 95.6 3 S 26 S S
tetramethylthiuramdisulfide 137-26-8 L 8.7 Semi_volatile NR P R P P 87.1 3 S 2.93 S S
2-mercaptobenzothiazole 149-30-4 T 54 Semi_volatile R INC R P P 93.5 3 S 2.6 S S
bisphenol A-diglycidyl ether 1675-54-3 no 7.5 Semi_volatile R P R P P 91.5 3 S 1.5 S N
butyl glycidyl ether 2426-08-6 T 8.2 Very_volatile R P R P P 92.4 3 S 30.9 N N
glyceryl monothioglycolate 30618-84-9 no 33 NA NA NA R P P 84.4 3 S 47 S S
imidazolidinyl urea 39236-46-9 no 7.2 Non_volatile R P R P P 83.4 3 S 24 S S
farnesol 4602-84-0 no 6.8 | Semi_volatile R P NR P P 83.8 3 S 4.8 N N
chlorpromazine 50-53-3 no 8.0 Semi_volatile R P NA N P 80.2 3 S 1 S S
abietic acid 514-10-3 no 5.4 | Semi_volatile NR P R P P 92.3 3 S 11 S N
citral 5392-40-5 no 35 Semi_volatile R P R P P 95.2 3 S 57 N N
metol 55-55-0 L 7.7 Semi_volatile R P R P P 91.5 3 S 0.8 N N
phenyl benzoate 93-99-2 no 7.4 Semi_volatile R P R N P 87.8 3 S 18.33 S S

(continued on next page)

136



F. Tourneix, et al. Toxicology in Vitro 60 (2019) 134-143

Table 1 (continued)

benzoyl peroxide 94-36-0 no 7.2 Semi_volatile R P R N P 87.8 3 S 0.06 S S
eugenol 97-53-0 no 7.5 Semi_volatile R P R N P 87.8 3 S 129 S S
phenylacetaldehyde 122-78-1 L 3.4 | Very_volatile R P R P P 95.6 3 S 4.7 S N
penicillin G 61-33-6 no 6.9 Non_volatile R P R N N 19.9 3 S 30 S S
2-Hydroxyethyl acrylate 818-61-1 no 7.3 Semi_volatile R INC R P P 89.8 3 S 1.56 S S
coumarin 91-64-5 L 8.9 Semi_volatile R N NR P P 14.8 3 S 100 NS S
amylcinnamyl alcohol 101-85-9 no 7.7 Semi_volatile R P NR N P 70.2 4 S 100 NS S
geraniol 106-24-1 no 8.3 Semi_volatile R P NR P P 82.8 4 S 23.2 S S
hydroxycitronellal 107-75-5 T 34 Semi_volatile R P R P P 95.2 4 S 222 N N
resorcinol 108-46-3 L 6.3 Semi_volatile R P NR N P 71.6 4 S 6.3 N N
amyl cinnamic aldehyde 122-40-7 no 6.9 Semi_volatile R P NR P P 83.8 4 S 112 S N
ethyl acrylate 140-88-5 no 7.0 Very_volatile R INC R P P 9 4 N 32.75 N N
iodopropynyl butylcarbamate 55406-53-6 no 6.7 Semi_volatile R INC R P P 883 4 S 0.9 S S
carvone 6485-40-1 no 6.9 Very_volatile R P R P P 925 4 S 129 N N
lillial 80-54-6 no 7.0* | Semi_volatile R P R N P 87.9 4 S 11.35 N N
ethyleneglycol dimethacrylate 97-90-5 T 8.3 Very_volatile R P R P P 92.4 4 S 35 S S
a-methyl cinnamic aldehyde 101-39-3 L 8.6 Semi_volatile R P R P P 93.8 4 S 4.5 N N
benzyl cinnamate 103-41-3 no 8.1 Semi_volatile R P NR P P 83 4 S 18.4 S S
neomycin sulphate 1405-10-3 no 10.0 | Non_volatile R N NA N N 6.6 4 S 100 NS S
hexyl salicylate 6259-76-3 no 6.6 | Semi_volatile NR N NR N P 5.6 4 S 0.18 S S
kanamycin sulfate 70560-51-9 no 6.3 Non_volatile R N R N N 57 4 S 100 NS S
benzocaine 94-09-7 no 8.5 Semi_volatile NR N R P P 11.9 4 S 100 NS N
aniline 62-53-3 no 8.3 Very_volatile NR P NR N P 55 4 S 89 S S
linalool 78-70-6 no 8.7 Semi_volatile NR P NR N P 48.6 4 S 30.4 S S
methylmethacrylate 80-62-6 no 5.9 Very_volatile R N R P P 30.7 4 S 75 S N
propyl paraben 94-13-3 L 7.0 Semi_volatile NR N NR P P 7.1 5 NS 100 NS NS
anisyl alcohol 105-13-5 no 7.8 Semi_volatile NR P R N N 28 5 NS 591 S S
isopropyl myristate 110-27-0 T 8.4 Semi_volatile NR N NR N N 34 5 NS 44 S N
pyridine 110-86-1 no 5.4 | Very_volatile NR N NR N N 6 5 NS 72 S S
methyl salicylate 119-36-8 T 7.8 Semi_volatile NR N NR N N 34 5 NS 100 NS NS
phenoxyethanol 122-99-6 no 7.7 Semi_volatile NR N R N P 9.5 5 NS 100 NS NS
4-aminobenzoic acid 150-13-0 no 3.7 Semi_volatile NR N NR N N 4.2 5 NS 100 NS NS
hydrocortisone 50-23-7 L 8.3 Non_volatile R INC R P N 17.1 5 NS 100 NS NS
propylene glycol 57-55-6 L 9.1 Very_volatile NR N NR N N 6.4 5 NS 100 NS NS
isopropanol 67-63-0 L 8.8 Very_volatile NR N NR N N 6.4 5 NS 100 NS NS
benzalkonium chloride 8001-54-5 L 6.3 NA NA NA NR N P 20 5 NS 0.1 N N
hexyl cinnamic aldehyde 101-86-0 no 6.7 Semi_volatile R P NR P P 83.9 5 NS 10.6 S S
benzyl salicylate 118-58-1 no 5.4 | Semi_volatile R P NR P P 923 5 NS 2.85 S S
benzyl benzoate 120-51-4 T 8.8 Semi_volatile R P NR P P 86.9 5 NS 17 S S
vanillin 121-33-5 no 5.1 Semi_volatile R P NR N P 87.9 5 NS 100 NS NS
pentachlorophenol 87-86-5 no 7.0* | Semi_volatile R P R N P 87.9 5 NS 20 S S
a-iso-methylionone 127-51-5 no 4 Semi_volatile R P NR N P 88.3 5 NS 21.8 S S
benzaldehyde 100-52-7 no 2.9 | Very_volatile R N NR P P 315 5 NS 100 NS NS
triethanolamine 102-71-6 no 9.8 Semi_volatile NR P NR N P 45.6 5 NS 100 NS NS

(continued on next page)
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Table 1 (continued)
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anethole 104-46-1 no 7.9 Semi_volatile R P NR N P 70 5 NS 23 S S
citronellol 106-22-9 no 8.2 Semi_volatile NR P R N P 70 5 NS 43.5 S S
diethanolamine 111-42-2 no 10.3 | Semi_volatile NR P NR N P 443 5 NS 40 S N
(R)-(+)-limonene 5989-27-5 no 73 Very_volatile NR P NR N P 56.7 5 NS 52.5 N N
phenol 108-95-2 no 71 Very_volatile NR N R N P 14.3 6 NS 100 NS NS
hexane 110-54-3 L 8.9 Very_volatile NR N NR N N 6.4 6 NS 100 NS NS
octanoic acid 124-07-2 L 3.7 Semi_volatile NR N NR N P 10.2 6 NS 100 NS NS
xylene 1330-20-7 no 77 Semi_volatile NR N NR N N 3.4 6 NS 95.8 N NS
diethyl toluamide 134-62-3 no 7.4 Semi_volatile NR N NR N P 5.5 6 NS 100 NS NS
sodium lauryl sulfate 151-21-3 T 8.3 Non_volatile R N NR N P 72 6 NS 3.55 N NS
dextran 3371-50-4 no 7.0* | Non_volatile R INC NA N N 6.9 6 NS 100 NS NS
lactic acid 50-21-5 T 24 Semi_volatile NR N NR N N 4.3 6 NS 100 NS NS
glycerol/glycerin 56-81-5 L 83 Semi_volatile NR N NR N N 34 6 NS 100 NS NS
tocopherol 59-02-9 no 7.8 Non_volatile NR P NR P N 6.3 6 NS 8.1 S NS
DMSO 67-68-5 no 7.5 Very_volatile NR N NR N N 4.8 6 NS 72 N NS
salicylic acid 69-72-7 L 25 Semi_volatile NR N R N N 6 6 NS 122 S NS
1-butanol 71-36-3 T 8.2 Very_volatile NR N NR N N 4.7 6 NS 100 NS NS
diethyl phthalate 84-66-2 L 8.4 Semi_volatile NR N NR N P 54 6 NS 100 NS NS
Tween 80 9005-65-6 no 6.7 NA NA NA R P P 68.4 6 NS 100 NS NS

NA = Not applicable; R = Reactive; NR = Not reactive; NS = Non-sensitiser; S = Sensitiser; INC = Inconclusive.

Shadding line = false predicted chemical in the defined approach for skin sensitization hazard categorization with regard to human data.

*pH of 7 was attributed. 'Stacking probability scale is 0-100; From Basketter et al., 2014; *Human potency cat. 1-4 = S and 5-6 = NS; *From Hoffmann et al., 2018;
SAccording to ECETOC, 2003; *Composite ref. for Human potency cat.5 + LLNA neg. = NS and cat.5 + LLNA pos. = S.

For the meta-model input, the binary hazard predictions (R/NR or P/N)
were used.

2.5. Stacking-meta model

The stacking meta-model runs the physicochemical parameters (pH,
volatility), in silico (Toxtree, TIMES-SS) and in vitro data (DPRA,
KeratinoSens™ and U-SENS™) for a test chemical in five different sta-
tistical models (Boosting, Naive Bayes, Support Vector Machine (SVM),
Sparse PLS-DA and Expert Scoring (Gomes et al., 2014), each providing
a probability of the chemical being a sensitizer. These intermediate
probabilities are then linearly combined in the stacking meta-model
which determines a final overall probability (a stacking score) of the
chemical being a sensitizer (Wolpert, 1992; Gomes et al., 2012; Nocairi
et al.,, 2016). The stacking meta-model from L'Oréal Research & In-
novation is available online as an open software tool at www.
liebertpub.com/aivt.

2.6. Predictive performance assessment

The predictive performance for the DA compared both to LLNA and
human reference data was quantitatively assessed with the Cooper's
statistics in terms of accuracy (number of correctly classified substances
over total number of substances assessed), sensitivity (the proportion of
sensitizers that are correctly identified as such), specificity (the pro-
portion of non-sensitizers that are correctly identified as such) and the
Kappa coefficient is calculated to test interrater reliability. The Cohen's
Kappa can range from —1 to +1. It suggested that a Kappa result be
interpreted as follows: values =0 as indicating no agreement and
0.01-0.20 as none to slight, 0.21-0.40 as fair, 0.41-0.60 as moderate,
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0.61-0.80 as substantial, and 0.81-1.00 as almost perfect agreement
(Landis and Koch, 1977). The false negatives (FN), and false positives
(FP) was also highlighted.

3. Results

A comprehensive dataset for 105 test chemicals from the CE skin
sensitization database was analyzed by the defined approach using the
stacking meta-model to evaluate its predictive performance for human
and in vivo LLNA skin sensitization hazard data. The output parameter
given by the stacking meta model is a probability to be a sensitizer, the
cut-offs have been made in order to calculate the sensitivity capacity.
This DA allows to move the cut-offs, depending on the sensitivity rate
and end-users application of this defined approach. To be able to cal-
culate Coopers' statistics, the previously optimized probability cut-offs
to predict a chemical as a sensitizer or a non-sensitizer were applied as
reported in Del Bufalo et al., 2018. A test chemical was predicted as a
sensitizer (S) if the stacking score was =70% and as a non-sensitizer
(NS) if the stacking score was < 30%. When the stacking score was >
30% and < 70%, the uncertainty of the prediction was considered too
high and no prediction could be made. The call was defined as incon-
clusive (INC). The data analysis results showed that, based on these
probability cut-offs, the meta-model provided a final hazard prediction
(S/NS) for 97 chemicals and the outcome was inconclusive for 8 che-
micals (Table 1 and Fig. 1).

A comparison of the present defined approach hazard predictions
with the designated human hazard categories showed a sensitivity of
91%, specificity of 76% and accuracy of 86% (kappa of 0.67) (Table 2).
In total, 14 chemicals were mis-predicted (Table 3), including 8 false
positives (Hexyl cinnamic aldehyde, Anethole, Citronellol, Benzyl
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salicylate, Benzyl benzoate, Vanillin, Pentachlorophenol, o-iso-
Methylionone) and 6 false negatives (Penicillin G, Coumarin, Neomycin
sulphate, Hexyl salicylate, Kanamycin sulfate, Benzocaine). When
compared with the LLNA hazard data, the defined approach predictions
showed a sensitivity of 85%, specificity of 91% and accuracy of 87%
(kappa of 0.67) (Table 2). In this case, 13 chemicals were mis-predicted
(Table 4), including 2 false positives (Amylcinnamyl alcohol, Vanillin)
and 11 false negatives (Penicillin G, Hexyl salicylate, Anisyl alcohol,
Isopropyl myristate, Pyridine, Benzalkonium chloride, Xylene, Sodium
lauryl sulfate, Tocopherol, DMSO, Salicylic acid). A comparison be-
tween the in vivo LLNA and human hazard reference data for the 97
chemicals showed that the LLNA had a sensitivity of 92%, specificity of
51% and accuracy of 78% (kappa of 0.48) for human skin sensitization
hazard (Table 2). The LLNA showed 23 mis-predictions against human
hazard data, which included 18 false positives (Anisyl alcohol, Iso-
propyl myristate, Pyridine, Benzalkonium chloride, Hexyl cinnamic
aldehyde, Benzyl salicylate, Benzyl benzoate, Pentachlorophenol, a-
isoMethylionone, Anethole, Citronellol,Diethanolamine, (R)-(+)-Li-
monene, Xylene, Sodium lauryl sulfate, Tocopherol, DMSO, Salicylic
acid) and 5 false negatives (Coumarin, Amylcinnamyl alcohol, Neo-
mycin sulphate, Kanamycin sulfate, Benzocaine). In addition, for the
complete dataset of 105 chemicals, the LLNA showed a sensitivity of
92%, specificity of 53% and accuracy of 78% (kappa of 0.49) to predict
human skin sensitization hazard.

The 8 chemicals classified as inconclusive included the following
sensitizers (Aniline, Linalool, Methylmethacrylate) and non-sensitizers
(Benzaldehyde, Triethanolamine, Diethanolamine, (R)-(+)-Limonene,
Tween 80) according to their designated human hazard category.

4. Discussion

Driven by ethical considerations and EU legislation (EU, 2003;
ECHA, 2017), the assessment of skin sensitization has progressed from
the reliance on traditional animal models to the use of non-animal test
methods (Vandebriel and van Loveren, 2010; Basketter et al., 2015;
Reisinger et al., 2015; Ezendam et al., 2016). To meet the regulatory
requirements for skin sensitization assessment, it is generally agreed
that information from multiple non-animal test methods representing
the AOP KEs needs to be integrated in DAs (Roberts and Patlewicz,
2017). L'Oréal Research & Innovation has developed a defined ap-
proach with a stacking meta-model for the prediction of skin sensiti-
zation hazard (Del Bufalo et al., 2018). The meta-model input variables
include physicochemical properties (pH, volatility), in silico (Toxtree,
TIMES-SS) and in vitro DPRA, KeratinoSens™ and U-SENS™ data for a
test chemical, which represent KEs 1-3 of the AOP (OECD, 2014). The
meta-model linearly combines the binary probabilities of 5 statistical
models to generate a final overall probability or stacking score for the
test chemical being a sensitizer (Gomes et al., 2012; Nogairi et al.,
2016). The statistical probabilistic stacking meta-model thereby max-
imizes the use of evidence from five individual predictive models, while
minimizing the impact of the limitations of any particular model. The
meta-model showed an improved performance and enhanced con-
cordance for predicting LLNA skin sensitization hazard data, when
compared to the five individual models (Del Bufalo et al., 2018).

The defined approach with a stacking meta-model has been sub-
mitted to the OECD as a DA case study for skin sensitization (OECD,
2017b). Moreover, the meta-model was part of a systematic evaluation
study by CE and NICEATM, that qualitatively reviewed all DAs sub-
mitted to OECD and assessed their ability to discriminate between
sensitizers and non-sensitizers of the available subset of 6 DAs
(Kleinstreuer et al., 2018). Since the open source stacking meta-model
was not available at the beginning of the external evaluation, the DA
was not included in the quantitative predictive performance assessment
presented by Kleinstreuer et al. (2018). As a complement to this study,
we therefore present here the predictive performance of our defined
approach using the same CE skin sensitization database (Hoffmann
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et al., 2018). As the ultimate goal of safety assessment is to predict skin
sensitization in humans, the human potency data in the CE database
was used as the key reference standard for the present evaluation. The
defined approach predictions were also compared with LLNA data, as
the prediction model of the individual in vitro methods (DPRA, Kera-
tinoSens™ and U-SENS™) were developed using the LLNA as a reference
(Gerberick et al., 2004; Emter and Ellis, 2010; Piroird et al., 2015;
Alépée et al., 2017). The 105 chemicals that fulfilled the meta-model
data input criteria were designated to a human skin sensitization hazard
category based on their human potency category as defined by
Basketter et al., 2014. The chemicals in potency categories 1-4 were
designated as sensitizers and categories 5 and 6 were grouped together
as non-sensitizers in agreement with Kleinstreuer et al. (2018) and
Hoffmann et al. (2018). The grouping of category 5 and 6 was based on
the high NOELs (=10,000 pug/cm?) and very low intrinsic ability of
category 5 chemicals to cause skin sensitization (Basketter et al., 2014).
The induction of skin sensitization in the general population by cate-
gory 5 chemicals is extremely rare, which justifies no classification e.g.
according to EU CLP (EU, 2008) and their grouping with category 6
chemicals as non-sensitizers. With the grouping of category 5 and 6
chemicals, the dataset comprised 67 sensitizers and 38 non-sensitizers
(Table 1). Of the 105 chemicals, 31 were overlapping with the learning
test set belonging of 165 chemicals used to develop the current defined
approach (Del Bufalo et al., 2018). The present evaluation study in-
cluded 74 naive test chemicals not previously being evaluated.

With the probability cut-offs set at <30% for NS and = 70% for S,
the defined approach including the stacking meta-model provided a
hazard prediction for 97 chemicals whereas 8 chemicals fell in the in-
conclusive zone (30 < p < 70). These 8 inconclusive included one
human category 6 chemical, four human category 5 chemicals and
three chemicals of human category 4. The defined approach was
therefore able to predict a hazard category for all human potency ca-
tegory 1-2 sensitizers and inconclusive chemicals were mainly weak
and extremely rare human sensitizers.

For regulatory purposes the most important issue is to reduce false
negatives and therefore to increase sensitivity. For that purpose cut-offs
could be set with the following rules: if the p < 10%, we conclude NS
and if p = 90% we conclude S. With these cut-offs the defined ap-
proach's predictive performance for human skin sensitization hazard
data show a sensitivity which goes from 91% to 92%, a specificity from
76% to 95%, accuracy from 86% to 93% (kappa from 0.67 to 0.86) and
was therefore able to predict a hazard category for all human potency
category 1-3 sensitizers and the false negative decrease at three che-
micals of human category 4. However, the defined approach provided a
hazard prediction for only 60 chemicals whereas 45 chemicals fall in
the inconclusive zone (10 < p < 90), which could be the main lim-
itation to use these probability cut-offs.

The rate of inconclusive predictions depends on the cut-off values
that are chosen. When probability cut-offs are set at < 50 and = 50%,
the defined approach's predictive performance for human skin sensiti-
zation hazard data show a sensitivity which goes from 91% to 88%, a
specificity from 76% to 74% and accuracy from 86% to 83% (kappa
from 0.67 to 0.62). Also the defined approach's predictive performance
for LLNA skin sensitization hazard data show a sensitivity which goes
from 85% to 83%, a specificity from 91% to 88% and accuracy from
87% to 84% (kappa from 0.67 to 0.61). So, the defined approach pro-
vides a hazard prediction for all 105 chemicals with only a slight re-
duction in quantitative predictive performance (around 3% of decrease)
and concordance levels (decrease of kappa around 0.05). In the pre-
viously reported study (Del Bufalo et al., 2018), a range of probability
cut-off values was investigated to find the optimal balance between the
degree of concordance (kappa value) and rate of inconclusive predic-
tion. When the gap between the probability cut-offs was widened, the
degree of concordance increased (up to 0.82), however, this also in-
creased the number of inconclusive predictions (up to 10%). Based on
the study results, the <30 and = 70% cut-off values were identified as
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Fig. 1. Distribution of final probabilities predicted by the stacking meta-model for the 105 test chemicals, with the human skin sensitizers shown as “black dots” and
the human non-sensitizers shown as “open circles”. The circles in the higher area (=70%) are predicted as sensitizer (S) and in the lower area (<30%) as non-
sensitizer (NS). The circles in the middle area (> 30% and < 70%) are predicted as inconclusive (INC). The order of test chemicals (left to right) is according to

Table 1.

optimally balanced to obtain a high degree of concordance (kappa
value: 0.82) in the hazard predictions, while limiting the number of
inconclusive predictions (17/165 chemicals).

The obtained hazard predictions for the 97 chemicals were com-
pared to human and LLNA hazard reference data in the CE database to
evaluate the predictive performance of this defined approach. Results
showed that the DA has a similar accuracy for predicting human (86%)
as well as LLNA (87%) hazard reference data. According to Table 2,
sensitivity is higher for predicting for human compared to LLNA,
whereas specificity is higher to predict LLNA. A comparison of the
LLNA and human data in the CE database showed that the LLNA has an
accuracy of 78% for predicting human hazard, evidencing that the DA
outperformed the LLNA, in particular with regard to the identification
of non-sensitizers, since the LLNA showed a low specificity of 51%
compared to 76% for the DA. Moreover, among the 18 false positives 13
are categorized as human potency category 5, which could be con-
sidered as sensitizers since their HRIPT are equivocal (Basketter et al.,
2014). The accuracy of the LLNA for human hazard data at 78%

Table 2

(n = 97) is comparable to previous studies, reporting 82% (n = 111)
(Urbisch et al., 2015) and 74% (n = 128) (Kleinstreuer et al., 2018). In
both these studies, the LLNA also had a low specificity of 64% and 50%,
respectively to identify human non-sensitizers.

The evaluation study by Kleinstreuer et al. (2018) showed accuracy
levels for the six predictive performance evaluated DAs ranging from 76
to 85% for human hazard and 70 to 84% for LLNA hazard data. The best
performing DAs for human hazard were the integrated testing strategy
(ITS) developed by Takenouchi et al. (Takenouchi et al., 2015) with a
sensitivity of 94%, specificity of 67% and accuracy of 85% and the
support vector machine (SVM) model developed by the Interagency
Coordinating Committee on the Validation of Alternative Methods
(ICCVAM) (Strickland et al., 2017) with a sensitivity of 86%, specificity
of 72% and accuracy of 82% for an identical set of 120 chemicals in the
CE database. These DAs also integrate in vitro, in chemico and in silico
data inputs covering AOP KE 1-3 as in the present DA. Although the
performance of the DA cannot be directly compared with the ITS and
SVM published DAs due to some little differences in the chemical sets,

Predictive performance of the defined approach using a stacking meta-model for human and LLNA hazard data with <30 and =70% probability cut-offs.

Probability cut-offs: <30 and =70% applied to the stacking meta-model Chemicals with hazard prediction Sensitivity (%) Specificity (%) Accuracy (%) Kappa
DA predictions vs. human 97 91 (58/64) 76 (25/33) 86 (83/97) 0.67
DA predictions vs. LLNA 97 85 (64/75) 91 (20/22) 87 (84/97) 0.67
DA predictions vs. composite reference® 97 87 (65/75) 95 (21/22) 89 (86/97) 0.72
LLNA vs. human 97 92 (59/64) 51 (17/33) 78 (76/97) 0.48
LLNA vs. human 105 92 (62/67) 53 (20/38) 78 (82/105) 0.49
DA predictions vs. human 66" 88 (38/43) 65 (15/23) 80 (53/66) 0.55
LLNA vs. human 66" 91 (39/43) 39 (9/23) 73 (48/66) 0.33

& Composite ref. for Human potency cat.5 + LLNA neg. = NS and cat.5 + LLNA pos. = S.
b Test set of naive chemicals not used to develop nor challenge the defined approach for which a hazard prediction was generated using the 30,/70% probability

cut-offs (Del Bufalo et al., 2018).
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Table of the false positives (FP) and false negative (FN) in the defined approach for skin sensitization hazard categorization with regard to human data.

Chemical name CAS Stacking score’ Human pot. cat”> Human hazard cat® LLNA EC3 median’ LLNA hazard cat® False positive and false negative
Penicillin G 61-33-6 19,9 3 S 30 S FN
Coumarin 91-64-5 14,8 3 S 100 NS FN
Neomycin sulphate 1405-10-3 6,6 4 S 100 NS FN
Hexyl salicylate 6259-76-3 5,6 4 S 0.18 S FN
Kanamycin sulfate 70,560-51-9 5,7 4 S 100 NS FN
Benzocaine 94-09-7 11,9 4 S 100 NS FN
Hexyl cinnamic aldehyde 101-86-0 83,9 5 NS 10.6 S FP
benzyl salicylate 118-58-1 92,3 5 NS 2.85 S FP
Benzyl benzoate 120-51-4 86,9 5 NS 17 S FP
Vanillin 121-33-5 87,9 5 NS 100 NS FP
Pentachlorophenol 87-86-5 87,9 5 NS 20 S FP
a-iso-Methylionone 127-51-5 88,3 5 NS 21.8 S FP
Anethole 104-46-1 70 5 NS 2.3 S FP
Citronellol 106-22-9 70 5 NS 43.5 S FP

NS = Non-sensitiser; S = Sensitiser; FN = False negative; FP = False positive.
1 Stacking probability scale is 0-100.
2 From Basketter et al., 2014.
3 Human potency cat. 1-4 = S and 5-6 = NS.
4 From Hoffmann et al., 2018.
5 According to ECETOC, 2003.

the DA showed a similar high accuracy of 86% for 97 overlapping
chemicals (30/70% cut-offs) and 83% for 105 overlapping chemicals
(50/50% cut-off) for the human data. In our set of 105 there were
no < 74 naive chemicals not used in the learning set of our DA (Del
Bufalo et al., 2018). Using the =30 and = 70% probability cut-offs of
the meta-model from the 74 chemicals, 8 fell into the inconclusive. For
the 66 chemicals with a hazard prediction, the DA showed a sensitivity
of 88%, specificity of 65% and accuracy of 80% (kappa of 0.55) for
human data, which is better than the LLNA performance with a sensi-
tivity of 91%, specificity of 39% and accuracy of 73% (kappa of 0.33)
(Table 2). This also holds true when the < 50 and = 50% cut-offs are
applied providing a hazard prediction for all 74 chemicals.

To further improve the confidence in the DA using a stacking meta-
model, the mis-predictions were carefully examined with the objective
to understand the potential reasons. In general, the DA did not mis-
predict any of the human potency category 1 and 2 (extreme/strong
sensitizers) or human potency category 6 (non-sensitizers), which in-
dicates the model is reliable for these chemicals with unequivocal
human evidence. As the safety assessment is based on the precautionary
principle, the false negative predictions for the human potency of ca-
tegory 3 chemicals penicillin G and coumarin are of most concern.

Table 4

Penicillin G showed in silico positive results, and negative results in the
U-SENS™ and KeratinoSens™ and, moreover was predicted as a non-
sensitizer in the SENS-IS assay (Hoffmann et al., 2018). Because peni-
cillin is a drug chemical dosed orally or via injection, the route of ex-
posure by which it caused skin sensitization reactions in humans could
play a role. Skin testing showed that the incidence of sensitization by
penicillin is very low (Nugent et al., 2003). Penicillin G was classified
with a lower potency (weak) in the LLNA where it is applied topically,
therefore the exposure route may affect the available dose and related
potency. Coumarin was part of the learning set to develop the meta-
model, and has been already mis-predicted as a non-sensitizer (Del
Bufalo et al., 2018). The previous study argued that highly purified
coumarin (99.9%) is not a sensitizer (Vocanson et al., 2006, 2007), but
that the positive predictions are due to impurities. In any cases, it is
crucial to have an expert analysis on the quality/ relevance of each
input parameter in order to form a conviction on the DA's prediction.
Additional false negative predictions include sensitizers of the human
potency category 4 neomycin sulphate, hexyl salicylate and kanamycin
sulfate. Neomycin sulphate and kanamycin sulfate are antibiotics that
showed discordant input data and were also predicted as negative in the
LLNA (Gerberick et al., 1992, 2005). Hexyl salicylate seems to be a

Table of the false positives (FP) and false negative (FN) in the defined approach for skin sensitization hazard categorization with regard to LLNA data:

Chemical name CAS Stacking score’  Human pot. cat”  Human hazard cat’> LLNA EC3 median’ LLNA hazard cat® False positive and false negative
Penicillin G 61-33-6 19,9 3 S 30 S FN
Hexyl salicylate 6259-76-3 5,6 4 S 0.18 S EN
Anisyl alcohol 105-13-5 28 5 NS 5.91 S FN
Isopropyl myristate 110-27-0 3,4 5 NS 44 S FN
Pyridine 110-86-1 6 5 NS 72 S FN
Benzalkonium chloride ~ 8001-54-5 20 5 NS 0.1 S FN
Xylene 1330-20-7 3,4 6 NS 95.8 S FN
Sodium lauryl sulfate 151-21-3 7,2 6 NS 3.55 S FN
Tocopherol 59-02-9 6,3 6 NS 8.1 S FN
DMSO 67-68-5 4,8 6 NS 72 S FN
Salicylic acid 69-72-7 6 6 NS 12.2 S FN
Amylcinnamyl alcohol ~ 101-85-9 70,2 4 S 100 NS FP
Vanillin 121-33-5 87,9 5 NS 100 NS FP

NS = Non-sensitiser; S = Sensitiser; FN = False negative; FP = False positive.
1 Stacking probability scale is 0-100.
2 From Basketter et al., 2014.

Human potency cat. 1-4 = S and 5-6 = NS.

From Hoffmann et al., 2018.

3
4
5 According to ECETOC, 2003.
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challenging chemical for both the in silico and in vitro methods, as all
input data were negative except for the U-SENS™ (Piroird et al., 2015).
Thus, the positive identification by the U-SENS™ was not sufficient to
identify the chemical as a sensitizer in the DA. Benzocaine showed
positive results in all the in vitro methods and negative results in the in
silico approaches, pointing out a substantial weight of in silico input data
in the final hazard prediction. However, Benzocaine is a mis-predicted
LLNA like false negative (Warbrick et al., 2000) and the in silico model
could be based on this LLNA result. Although of less concern, the DA
using a stacking meta-model provided false positive predictions for
chemicals of the human potency category 5 Hexyl cinnamic aldehyde,
Anethole, Citronellol, Benzyl salicylate, Benzyl benzoate, Vanillin,
Pentachlorophenol and a-Iso-methylionone. For all these category 5
chemicals, the U-SENS™, TIMES-SS and TOXTREE inputs were positive
with the exception of the TOXTREE input for Citronellol. Nonetheless,
all the 8 false positive category 5 chemicals listed above, with the ex-
ception of vanillin, were also predicted as skin sensitizers in the LLNA
(Gerberick et al., 2005) (Table 3). This indicates that these false-posi-
tive chemicals are challenging not only for the in vitro and in silico
methods, but also for the animal test. As reported by Basketter et al.,
2014, the induction of skin sensitization in the general population by
category 5 chemicals is extremely rare but may occur in highly selected
patients (based on individual case reports of sensitization). Therefore,
the predictive performance was re-analyzed using a “composite” hazard
reference for the category 5 chemicals. This “composite” hazard re-
ference proposed in Johansson et al., 2017, considers a human category
5 chemical as sensitizer if it is also positive in the LLNA and as a non-
sensitizer if it is negative in the LLNA (Table 1). The data re-analysis
results showed an improved sensitivity of 87%, specificity of 95% and
accuracy of 89% (kappa of 0.72) of the meta-model for the 97 chemicals
(Table 2). It should be taken into account that the human potency ca-
tegories are based on expert judgment of human evidence (including
exposure information and human repeat insult patch test (HRIPT) data)
and are not entirely transparent and reproducible. This especially ap-
plies to the category 5 chemicals for which the HRIPT no observed
effect levels are variable or absent due to the inherent inaccuracy of
threshold determination in a very small panel size (Basketter et al.,
2014). Therefore, the use of a “composite” hazard reference combining
human and in vivo evidence is a possible way to increase confidence in
the hazard classification for the category 5 chemicals. Although they
are based on expert judgment, the human potency categories are the
only available human references at that moment and were proven to be
useful in various skin sensitization test method evaluation studies
(Urbisch et al., 2015; Reisinger et al., 2015; Kleinstreuer et al., 2018).

As in other combinatory statistical models e.g. Bayesian or artificial
neural network (Valkova et al., 2004; Kjaerulff and Madsen, 2013),
determining the weight of each input parameter in the final predictions
by a stacking meta-model is not an easy task. An ongoing work aims at
determining the influence of the input parameters on the prediction of
the DA. using an experimental plan approach. It is important to em-
phasize that the DA is a predictive tool meant to support risk assessment
decisions in a weight of evidence approach. Therefore, the output can
be considered as scientific evidence with a statistically indicated level
of confidence, and the expert judgment of the risk assessor can still be
added to the weight of evidence. In particular, when the input data
shows discrepancies it is crucial to take into account other sources of
information and expertise.

DAs integrating non-animal data generated with the regulatory
adopted methods have been proposed as valid components of
Integrated Approaches to Testing and Assessment (IATA). The predic-
tions generated using this DA could be used, where applicable and
adequate, instead of LLNA data or in conjunction with such data if they
already exist, in the context of IATA for assessing skin sensitization
hazard and for hazard classification purposes. DA has been developed
and therefore tested with a substantial number of chemicals for which
in vivo skin sensitization data are available, therefore it is likely that its
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domain of applicability covers the main reaction mechanisms relevant
to skin sensitization.

5. Conclusions

The evaluation of the defined approach with a stacking meta-model
developed by L'Oréal R&I, using the CE skin sensitization database
demonstrated that the DA has a superior performance with a higher
degree of confidence (kappa value) as compared to the LLNA in pre-
dicting human skin sensitization hazard as determined by human test
data. The accuracy of the DA applying either a 30/70% cut-off ap-
proach was found to be in the range of the best performing DA's sub-
mitted to the OECD as case studies. Moreover, the DA did not mis-
predict any of the human potency category 1 and 2 (extreme/strong
sensitizers) or human potency category 6 (non-sensitizers), which in-
dicates the model is reliable for these chemicals with unequivocal
human evidence. The next step will be an independent evaluation of the
DA for its integration in the performances based test guidelines (PBTG)
for skin sensitization.

The present DA is a first solid tier in the hazard evaluation process
proposed by L'Oréal Research & Innovation starting by the hazard
identification (S/NS classification). The next step is to gather quanti-
tative informations from in silico / in vitro tools in order to address the
human skin sensitization potency. We are currently working on such a
Tier 2 DA which will allow to discriminate (UN GHS) cat. 1A/1B sen-
sitizers.
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