The GARD assay for potency assessment of skin sensitizing chemicals
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Introduction

Allergic contact dermatitis is caused by an adverse immune response to
chemical haptens. The disease is widespread and especially problematic for
certain occupational groups. EU legislation concerning registration and use of
chemicals within the cosmetic industry requires the replacement of animalbased test methods by alternative, high-throughput methods for prediction of
skin sensitization capacity and potency of known and new substances.
We have developed a human cell-based assay for the prediction of sensitizing
chemicals, called Genomic Allergen Rapid Detection, GARD (Fig. 1). By
analyzing the transcriptome of a human myeloid cell line we have identified a
genomic biomarker signature with potent discriminatory ability [1-3].
Furthermore, the way signaling pathways are engaged by different chemical
reactivity groups seems to be associated with sensitizing potency [4].

Conclusions and Outlook

In all analyses we see a clear relationship between the
microarray data and human potency. Further model
development is ongoing and performance is expected to
improve with the number and types of chemicals tested. We
will also investigate multivariate analysis methods as a feature
selection tool, which ultimately may lead to new insights into
mechanisms associated with sensitizer potency and provide
means to improve the prediction of human potency of
chemicals with high accuracy.

We have investigated several models in a multivariate approach using the Simca
software. Human potency [6] is a classification of chemicals based on human data
combining partly chemically distinctive substances into one potency category.
Class 1 represents highest potency and class 6 true non-sensitizers.
Here, we present an O-PLS model, designed to predict human potency and
sensitizer/non-sensitizer. The scatter plot in Fig. 3 illustrates the separation of
sensitizers and non-sensitizers, and the grouping of sensitizers along a second
axis into a high- and a low-potency cluster.
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Figure 1. Genomic Allergen Rapid Detection (GARD) – workflow. The SVM model calculates decision values for each
RNA sample derived from chemically treated cells based on the gene expression data of 200 genes that represent the
GARD prediction signature. The decision values are then used for binary classification of the chemicals [3].
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Objective and methods

Based on previous studies we hypothesized that the GARD assay is capable
of predicting skin sensitizer potency. Two approaches were pursued in
parallel to develop potency prediction models. First we utilized our
established support vector machine (SVM), trained to provide binary
classifications [1-3]. The other approach is based on an orthogonal partial
least squares projections to latent structures (O-PLS) linear regression
model (Simca, Umetrics, Sweden). O-PLS [5] is a projection method related
to principal component analysis, thus well suited for matrices with more
variables than observations (or samples) as in the case of whole genome
RNA microarray data (> 29.000 transcripts). It is a modification of the PLS
method (Wold, 1975), designed to divide the structured variability in the
matrix X into predictive (correlated with Y) and orthogonal information (not
correlated with Y), plus residual variation. This may improve the
interpretability of the latent variables (linear combinations of the original
variables).

Results

The relationship between GARD SVM decision values and human potency
classes for a set of 34 chemicals and controls are illustrated in Fig. 2. The
SVM model had been developed for binary classifications (sensitizer versus
non-sensitizer).
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Figure 3. Scatter plot of O-PLS model (Y=human potency and sensitizer/non-sensitizer) based on 197 samples.
Human potency classes as described in [6], class 1 representing highest potency, 6 representing non-sensitizers.

The fraction of the total variation that can be explained by the model after crossvalidation (Q2cum) is 0.478, which is a value regarded acceptable/good. A
comparison of the goodness of the fit and prediction of the respective original
model to the fit of several models with permutated Y-observations (Fig. 4)
strongly suggests that the original model is valid. Yobserved versus Ypredicted is plotted
in Fig. 5.
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Table 1. Chemical list
number
1
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chemical
SVM DV Human potency
Potassium dichromate
8,45
1
Dinitrochlorobenzene
6,31
1
PPD
5,32
1
Kathon CG
3,76
1
2-Aminophenol
5,98
2
Formaldehyde
2,32
2
Glyoxal
1,08
2
Iso-eugenol
1,91
2
2-Hydroxyethyl acrylate
8,87
3
Cinnamic alcohol
2,94
3
2-Mercaptobenzothiazole 2,52
3
Ethylenediamine
1,12
3
Penicillin G
1,06
3
Eugenol
1,02
3
Geraniol
1,76
4
Resorcinol
1,03
4
Hexylcinnamic aldehyde
1,24
5
Isopropanol
-1,37
5
Methyl salicylate
-1,53
5
PABA
-1,04
5
Propylene glycol
-1,18
5
Benzaldehyde
-2,13
5
Phenol
-1,08
6
Octanoic acid
-1,19
6
Tween 80
-1,39
6
Salicylic acid
-1,41
6
Sodium lauryl sulfate
-1,52
6
Chlorobenzene
-1,63
6
Glycerol
-2,05
6
1-Butanol
-2,07
6
Diethyl phthalate
-2,15
6
Unstimulated
-2,20
6
DMSO
-2,31
6
Lactic acid
-2,38
6
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Figure 2. Relationship between GARD decision values and human potency
classes. The chemicals have been sorted according to human potency class
and the respective average SVM decision value derived from triplicates can be
found on the Y axis. The number on the x–axis refers the numbered chemicals
found in Tab. 1.
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Figure 4. Permutation plot of O-PLS
model. Comparison of goodness of the fit
and prediction of the original model with
several models, where the order of the Yobservations
has
been
randomly
permutated. The plot strongly indicates
that the model has not been obtained by
chance.

Figure 5. Observed Y values plotted against predicted Y values. The
RMSEE (Root Mean Square Error of Estimation) indicates the fit error of
the observations to the model. RMSEcv is a similar measure, but
estimated using cross validation.
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