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Abstract
This minireview describes the state-of-the-art of available (Q)SARs/expert systems for
skin sensitization and evaluates their utility for potential regulatory use. It is one of a
series of minireviews in this journal and is based on an in-depth review performed by the
European Chemicals Bureau (ECB) of the European CommissionBs Joint Research
Centre (JRC) in support of the development of technical guidance for the implementation
of the Registration, Evaluation, and Authorization of CHemicals (REACH) legislation.
Most existing models fall into one of two main categories: either they are local in nature,
usually specific to a chemical class or reaction chemical mechanism or else they are global
in form, derived empirically using statistical methods. Some global QSARs have been
recently characterized in accordance with the OECD validation principles and shown to
be of limited use for regulatory applications. These have been evaluated in more detail
elsewhere. Expert systems capable of predicting skin sensitization are discussed briefly.
The strong mechanistic understanding of skin sensitization has facilitated the development
of relative alkylation index (RAI) models. The RAI approach, relying on reactivity and
hydrophobicity as the key parameters, actually appears to be the most promising means
of deriving robust and mechanistically interpretable models which can be applied in a
regulatory context. These are now referred to as Quantitative Mechanistic Models
(QMM). Whilst hydrophobicity is conveniently modelled using log P, reactivity is often
not easily determined from chemical structure. Initiatives are in progress to generate the
necessary reactivity data for reactions relevant to skin sensitization but more resources
are still required. A strategy of how information from using the RAI approach can be
used in the evaluation of skin sensitization potential is described. This is the subject of
on-going and future work.

1 Introduction

Skin sensitization is a significant environmental and occu-
pational health concern. Workers and consumers being
sensitized are a major problem for individuals, for employ-
ers and for marketing certain products. Consequently
there exists an important need to accurately identify chem-
icals that have the potential to cause skin sensitization [1 –
3]. Sensitization is also an endpoint that requires assess-
ment under the new European Union (EU) Registration,
Evaluation and Authorization of CHemicals (REACH)
programme. Under REACH, sensitizing potential needs
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Abbreviations: GPMT, guinea pig maximization test; ITS, inte-
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and authorization of chemicals; TIMES-SS, tissue metabolism
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to be assessed for chemicals above the 1 tonne threshold
according to Annex VII [4].
Current assessment of skin sensitization still relies on

animal tests. Guinea pigs [5] have been the species of
choice for predictive sensitization tests for many years;
however, under REACH, the test of first choice is now the
mouse Local Lymph Node Assay (LLNA) [6]. Further in-
formation describing the LLNA and its quantitative out-
put, the EC3, can be found in Ref. [7 – 13].
Under REACH, all chemicals produced or imported >1

tonnes per annum (tpa) in the EU will need to be assessed
for human and environmental hazards. If conducted by
means of the present data requirements/test strategy, this
assessment will use a huge number of test animals and will
be neither resource nor time efficient. To address this chal-
lenge, REACH calls for an increased use of alternatives
such as in vitro methods, (quantitative) structure – activity
relationships [(Q)SARs] and chemical grouping ap-
proaches (see Annex XI of Ref. [4]). Since no in vitro re-
placement is currently available for skin sensitization, nor
expected to be ready in the near future [14, 15], the use of
(Q)SAR approaches presents an attractive solution. The
application of (Q)SARs, raises with it a number of issues
including: the availability of models; the extent to which
they are able to play an effective role in the assessment of
skin sensitization hazard and potency as well as their valid-
ity and applicability.
Several of these issues were first considered in 2002,

whereupon a number of activities were initiated in an ef-
fort to increase the regulatory acceptance of (Q)SARs.
Perhaps the most notable of these was the development of
a set of principles for (Q)SARValidation [16]. These were
subsequently discussed and agreed within the Organiza-
tion for Economic Co-operation and Development
(OECD) and are now referred to as the LOECD Principles
for (Q)SAR ValidationB [17, 18]. The principles provide a
practical framework for assessing the scientific validity of
a (Q)SAR model. However, (Q)SAR model validity is
just one of the factors to consider in the use and accept-
ance of (Q)SARs. Other considerations concerning
(Q)SARs are their application in the context of endpoint
specific Integrated Testing Strategies (ITSs). These are dis-
cussed in more detail elsewhere [19, 20].
Whilst previous reviews for skin sensitization have been

conducted by Karol et al. [21], Bashir and Maibach [22]
and Rodford et al. [23], this minireview will outline the dif-
ferent approaches and philosophies that have been used to
develop non-animal predictive models. Furthermore, it
will provide an objective assessment of the usability of
these models under REACH using the OECD principles
as a reference. Some of the challenges in terms of where
future research could be directed are also highlighted. As
background information, a brief description of the mecha-
nism of skin sensitization induction is provided.
Skin sensitization is the process following epicutaneous

application of a substance to the skin which results in a T-

cell-mediated immunological response specific for the sub-
stance. Skin sensitization involves two phases, an induction
and elicitation phase. Briefly, the process of induction is as
follows: a chemical penetrates through the stratum cor-
neum into the viable epidermis where it binds to skin pro-
teins/peptides. The resulting complex is internalized by
Langerhans Cells (LCs) resident in the skin. This then be-
gins a maturation and migration process by which the LCs
process the complex into a form (an antigen) that can be
recognized by T-cells, and travel to the draining lymph no-
des where they present it to naNve T-cells. This invokes the
stimulation and proliferation of T-cells, some of which
form a population of so-called memory T-cells. This pro-
cess is known as skin sensitization induction. Figure 1 out-
lines the chain of events. Note, induction exhibits no clini-
cal signs, these manifest themselves upon re-exposure to
the same chemical during the elicitation phase. Here,
memory T-cells release cytotoxic mediators which result in
the local tissue inflammation characteristics of sensitiza-
tion – redness, swelling and itching. For a more detailed
account of the current understanding of the biological and
chemical mechanisms of skin sensitization, the reader is
referred to several excellent reviews [3, 24 – 26].
The key determining step in sensitization induction, is

the binding of a chemical to skin protein. Binding is be-
lieved to be covalent in nature such that the chemical be-
haves as an electrophile and the protein as a nucleophile.
The covalent hypothesis was actually first articulated by
Landsteiner and Jacobs [27] in 1936 and followed up by
others (e.g. Dupuis and Benezra, [28]). Chemicals must ei-
ther be inherently protein reactive or converted in the skin
to a protein reactive species to induce sensitization. Chem-
icals that are unable to associate effectively with proteins
will fail to stimulate an immune response [25].
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Figure 1. Diagrammatic representation of the molecular events
thought to be involved in the process of skin sensitization.
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2 (Q) SARs and Expert Systems

A number of different approaches and philosophies have
been used to develop (Q)SAR models and expert systems
for skin sensitization. Available published (Q)SAR models
have been chemical class-based/mechanism-based or de-
rived empirically using statistical approaches. Expert sys-
tems for skin sensitization include TOxicity Prediction
Komputer-Assisted Technology (TOPKAT) (Accelrys
Inc., San Diego, CA, USA) and M-CASE (Computer-Au-
tomated Structure Evolution; MultiCASE Inc., Cleve-
hand, Ohio, USA) which are both statistically based, Der-
ek for Windows (DfW, LHASA Ltd, Leeds, UK) and Haz-
ard Expert (Compudrug, Budapest, Hungary) which are
knowledge-based and TIssue MEtabolism Simulator for
Skin Sensitization (TIMES-SS; LMC, University of Bour-
gas, Bulgaria) which is a hybrid [29, 30].

2.1 Structure –Activity Relationships (SARs)

Early efforts in correlating chemical groups to skin sensiti-
zation guinea pig data are exemplified in work by Rao
et al. [31], Benezra et al. [32] and Hausen and coworkers
[33 – 39]. More recent efforts include the development of
structural alerts by Barratt et al. [40], Payne and Walsh
[41], Ashby et al. [42] and Gerner et al. [43]. In Barratt
et al. [40], common reaction mechanisms (e.g. acylating
agents, alkylating agents, Michael electrophiles, aldehydes
etc.) were identified following the grouping of the chemi-
cals into potency categories. Forty structural alerts were
extracted either on the basis of these reaction mechanisms
or empirically. In Ref. [41], a set of structural alerts were
defined based on the structural requirements for reactivity
with skin proteins using existing experimental skin sensiti-
zation data. The alerts were classified, where possible, ac-
cording to anticipated reaction mechanism. Ashby et al.
[42] suggested broad SARs using a dataset of 106 chemi-
cals that had been tested in the LLNA. The 73 sensitizers
within the dataset, were grouped into six main classes,
partly based on structural criteria, and partly on reaction
mechanistic domains. Gerner et al. [43] derived two sets of
new structural alerts using a regulatory database; 15 rules
for directly acting sensitizers and three rules for chemicals
that were sensitizers following metabolic activation. These
efforts served to define the types of functional groups that
were predictive of skin sensitization. In certain cases, they
were incorporated into the expert system, DfW as alerts.
These structural alerts provide a useful means of identify-
ing potential sensitizers as a first stage in an ITS. They can
also facilitate the discovery of similar analogues for use in
a read-across evaluation.

2.2 Statistical QSARs

Probably the first global models for sensitization were
those developed by Magee and Hostynek, [44, 45]. They
investigated the feasibility of deriving models for fra-
grance allergens using classification and ranking ap-
proaches. The models developed are statistically sound
(see equations in Table 1) and to an extent mechanistically
interpretable. The classification model predicts the ab-
sence or presence of sensitization whilst the rank model
addresses potency through the use of a modified version of
the Magnusson –Kligman categorization [46]. The modelsB
applicability domain is not systematically defined, aside
from the fact that the models are trained on fragrance al-
lergens. It is thought that these models could show promise
in screening potential sensitizers as part of an ITS.
Cronin and Basketter [47], used stepwise Linear Dis-

criminant Analysis (LDA) on a set of 259 chemicals
[mostly tested in the Guinea Pig Maximization Test
(GPMT) in the spirit of the OECD guidelines] to produce
a 14 parameter model for the prediction of sensitization.
12 of the 14 descriptors in the final model were structural
features associated with reactivity. The other two descrip-
tors were the Shannon index [48], a measure of molecule
size and the difference in HOMO and LUMO energies, a
measure of reactivity [49] (see Table 1). The model pre-
dicted 82.6% of compounds correctly after cross-valida-
tion but had a tendency to predict non-sensitizers better
than sensitizers (88% correctly predicted cf. 76%). The au-
thors of this publication concluded that structural alerts
might have been a better means of identifying potential
sensitization hazard since the statistical model was poor at
discriminating between the two classes.
Devillers [50] used the dataset of Ref. [47] to derive a

neural network model relating the same 14 descriptors to
sensitization outcome. A three-layer feed forward neural
network trained by the back-propagation algorithm previ-
ously described [51, 52] was used on a training set of 242
chemicals and a test set of 17 chemicals. The total percent-
age of correct classifications was 89.19% (cf. 82.6% in Cro-
nin and Basketter [47]). This model does appear to be bet-
ter in terms of its predictive performance though there are
notable tradeoffs – greater complexity in terms of the
modelling approach used; non-linear versus linear and a
lack of transferability. These tradeoffs are not insurmount-
able in terms of demonstrating scientific validity as evi-
denced in Vracko et al. [53] but since DevillersB [50] pri-
mary aim was to demonstrate the improved performance
of the neural network compared with an LDA rather than
trying to predict sensitization potential or its underlying
mechanism, the performance statistics alone would be in-
sufficient to merit the use of this model over another less
complex one.
Fedorowicz et al. [54] developed a logistic regression

model for LLNA sensitising potential starting from a
LLNA dataset of 54 chemicals (comprising 25 sensitizers
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and 29 non-sensitizers taken from Ref. [42, 55]) and using
a pool of 420 generated descriptors. The final model (Ta-
ble 1) was based on four structural descriptors and predict-
ed 83% of the responses correctly based on the training
set of compounds, and 79% in a cross-validated test set.
The relevance of the chosen descriptors to sensitization
mechanism was not explained in the article. Roberts et al.
[56] scrutinized this model in detail and criticized it in
terms of, inter alia, the tendency of the model to predict
non-sensitizers better than sensitizers as well as the lack of
a plausible mechanistic rationale.
Using an augmented dataset of chemicals tested in the

LLNA taken from the Interagency Coordinating Commit-
tee on the Validation of Alternative Method (ICCVAM)
dataset [55] of 209 chemicals, Fedorowicz et al. [57] then
developed logistic regression models using a subset of 178
organic chemicals. The resulting dataset comprised 132
sensitizers and 46 non-sensitizers. Of the same dataset, 105
chemicals had guinea pig data, 82 sensitizers and 23 non-
sensitizers. A total of 1777 descriptors, after removal of du-
plicates, were calculated using Cerius 2 (Accelrys Inc.),
Dragon 2.1 (Talete srl, Milan, Italy) and MolconnZ soft-
ware (eduSoft, LC, Ashland, VA, USA). Stepwise logistic
regression was then used to select relevant descriptors and
derive models based on the two LLNA and GPMT data-
sets. Polarity, charge distribution and lipophilicity parame-
ters were associated with the LLNA model whereas polari-
ty and hydrogen bonding were important factors in the
guinea pig model. Both models produced correct respons-
es of greater than 80%. Their sensitivity values were great-
er than 94% but their specificities were very low (see Ta-
ble 1). This was attributed to the unbalanced datasets, in
that there was a 3 :1 ratio of sensitizers to non-sensitizers
in the LLNA dataset and a 4 :1 ratio in the guinea pig da-
taset. The model performances were additionally com-
pared with DfW (Version 6, LHASA Ltd, Leeds, UK) and
TOPKAT (Version 6.2, Accelrys Inc.) and found to per-
form better (in terms of their correct classification). The
performances were 73.3% for TOPKAT, 82.9% for DfW
and 87.6% (guinea pig data logistic regression model). The
LLNA logistic regression model gave a correct classifica-
tion of 83.2% compared with 73% for DfW.
Li et al. [58] used both random forest and classification

tree modelling methods to develop models for skin sensiti-
zation. The same dataset taken from Ref. [55] was used. A
total of 1380 descriptors (after removal of duplicates and
constants) were calculated using Cerius 2 (Accelrys Inc.),
Dragon (Talete srl) and MolConnZ (eduSoft) software.
The best classification tree contained four descriptors. It
possessed a very high sensitivity of 99.2% but a very low
specificity of 34%. The best model reported with the ran-
dom forest approach contained ten descriptors and pos-
sessed a specificity of 83% and a sensitivity of 84% at a
threshold of 0.7. The random forest approach was addi-
tionally exploited to provide a proximity measure defined
as the probability of assigning two chemicals to the same

node. A hierarchical clustering was performed to group
chemicals according to this index in order to gain insights
on how structurally similar chemicals were combined. A
number of groups emerged such as halogeno derivatives
and simple phenyl derivatives but no detailed interpreta-
tion was offered by the authors.
FedorowiczBs models [54, 57, 58] are limited in their

scope in that they only predict the absence and presence
of sensitization based on a limited and unbalanced dataset.
No mechanistic interpretation for the final descriptors in
the models is provided and from the large initial pool of
descriptors, it is questionable that the choice of final de-
scriptors is meaningful or statistically sound given the high
probability of chance correlations [59]. The final model in
the series [58] aims solely to compare the performance of
a random forest approach against a standard classification
approach using statistical performance as a criterion. The
models have been characterized to an extent but have
questionable robustness (e.g. low specificities) suggesting
that they could play no meaningful role within a regulatory
context but might be useful as crude screening tools for
compound discovery scenarios instead.
Estrada et al. [60] performed an LDA relating topologi-

cal descriptors to skin sensitization data as measured in
the LLNA. The topological descriptors are so-called
TOPS-MODE descriptors or TOPological Substructural
MOlecular Design. These descriptors are spectral mo-
ments of a bond matrix weighted for different physico-
chemical properties (lipophilicity, polarizability, polar sur-
face area, molar refractivity, atomic charges, van der Waals
radii) and raised to different power (in this case, the bond
matrix was raised to an order of 15). A set of 93 diverse
chemicals and their associated LLNA EC3 values were
collated. The EC3 values were categorized into five bands
of potency [61] which were then amalgamated into two
groups for model building. The first model discriminated
strong/moderate sensitizers from all other chemicals
whereas the second model differentiated weak sensitizers
from non-sensitising/extremely weak sensitizers. Model 1
had correct classification of 80%; the overall correct clas-
sification of Model 2 was 80.26%. A dataset of 15 com-
pounds unseen by the model and with available skin sensi-
tization data, taken from other available existing public
sources, was used to test the predictivity of Model 1. All
but one of the strong/moderate sensitizers were classified
correctly. As the validation set was not designed rigorous-
ly, this good performance might well have been on chance
alone. Subsequent evaluation, [29] using another dataset
[62], has revealed a specificity to be as low as 10%, with a
sensitivity of 85.5% and an overall concordance of 59.5%.
No assessment of the representativeness of the external
test set relative to the training set (i.e. model applicability
domain) was conducted at the time. The importance of ap-
plicability domain has since been the subject of much de-
bate and recent scientific research [63 – 66]. The descrip-
tors in these two models do appear quite complex al-
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though a mechanistic interpretation was possible for each
of the descriptors in turn. Factors such as lipophilicity, po-
lar surface area, van der Waals radii may model partition-
related effects in skin sensitization whereas parameters
such as charges and polarizability may relate to the reac-
tivity or electrophilicity of the chemicals. Calculating local
spectral moments for each of the bonds with respect to
skin sensitization highlights which features contribute pos-
itively or negatively to it, i.e. structural rules for sensitiza-
tion may be systemically derived. Examples of proposed
structural rules were discussed in both Estrada et al. [60]
and Estrada et al. [67]. In Roberts et al. [56], the derived
alerts were reassessed (e.g. alkyl halides, alkyl alkane
sulphonates, aromatic nitro compounds, 3-Methyl-1,2,5-
thiadiazole-1,1-dioxide (MPT), hydroxylamines, clotrima-
zole) and some of the proposed insights were thought to
be based on erroneous arguments. In light of these issues,
we propose that this model would not be appropriate for
use in a regulatory context.
Miller et al. [68] collected a set of 87 LLNA data and af-

ter removal of 20 outliers (based on poor statistical fit), 67
chemicals were analysed: 50 as a training set and 17 as a
test set. EC3 values as w/v percent concentrations were
used as the dependent variable. Several hundred descrip-
tors were calculated using Comprehensive Descriptors for
Structural and Statistical Analysis (CODESSA; Semi-
chem, Inc., Shawnee Misson, KS, USA) and a heuristic al-
gorithm (not further described in the paper) was used to
derive several correlations from these descriptors. The
best model was selected based on the statistical parame-
ters (R2, adjusted R2, F-test, etc.) as well as on whether
there was a Lchemical sense of the descriptors for the un-
derstood mechanism of sensitizationB. The performance
for the test set of 17 chemicals was expressed in terms of
R2 (R2¼0.877 where 14 chemicals out of the 17 chemicals
were correctly predicted). On account of biological varia-
bility of the EC3 values, La bin selection methodB was then
used to classify compounds into one of three categories;
strong, moderate and weak. The cutoffs were chosen to
balance the number of chemicals that fell into the strong
and moderate categories rather using the potency catego-
ries as defined in Kimber et al. [12]. The bin selection
method was found to predict 44 out of 50 training set
chemicals correctly, but if the proposed category bounda-
ries for the LLNA from Ref. [12], been used, than the
QSAR model would have been shown to perform much
less favourably. Use of the EC3 (as a weight percentage)
rather than a molar basis EC3 appears to be flawed. It dis-
guises the fact that the model was poor at discriminating
within a given category. Further evaluation of this model
has been described in Roberts et al. [56]. Owing to the
poor performance, the unsound statistics in starting with
such a large pool of descriptors [59], the use of the per-
centage EC3 amongst other things, it is suggested that this
model would be of no value in evaluating sensitization ro-
bustly.

Ren et al. [69] used a Support Vector Machine (SVM)
[70] to develop a non-linear binary classification model for
skin sensitization for a diverse set of 131 organic com-
pounds tested in the LLNA. Six descriptors were selected
by stepwise forward discriminant analysis (LDA) from a
starting set of 282 CODESSA molecular descriptors.
These six descriptors were thought to reflect the mechanis-
tic relevance to skin sensitization (though this was not ex-
plained in the paper) and were used as inputs to the SVM
model. The non-linear model developed from SVM
(89.77% correct classification) algorithm outperformed
the LDA (correct classification 79.55%). This exercise
aimed to compare the utility of one statistical technique
over a second to judge whether the statistical performance
was enhanced. No effort was made to fully characterize
this model in the paper. The legitimacy of using such a
high number of starting descriptors (282) for the number
of observations (131) is also an issue.
The feasibility of using 4D fingerprints derived from a

methodology called 4D molecular fingerprint similarity
analysis was investigated to develop QSAR models for
skin sensitization [71]. An early version of the LLNA data-
set [62] comprising data on 219 chemicals was sorted into
three categories; non-sensitizers (NS) and weak sensitizers
(WS), (101 chemicals); moderate sensitizers (MS; 72 chem-
icals), and strong (SS) or extreme (ES) sensitizers (46
chemicals). The moderate sensitizers were removed to cre-
ate a separation gap and the other two classes were re-
tained to develop a model to discriminate between them.
Ten NSþWS and five SSþES sensitizers were randomly
chosen to be the test set. The remaining training set com-
prised 91 NSþWS chemicals and 41 SSþES sensitizers.
Models were initially investigated using discriminant anal-
ysis and partial least square discriminant analysis tech-
niques but the performance of these models were as low as
67% accuracy. Two other statistical techniques namely lo-
gistic regression and partial least squares coupled with lo-
gistic regression were then applied to generate categorical
models which did successfully differentiate between NSþ
WS chemicals and SSþES sensitizers. However, no pre-
diction of potential moderate sensitizers could be made.
The fingerprint descriptors used lack any physical meaning
and are extremely difficult to interpret in terms of sensiti-
zation mechanism. For these reasons, we propose that this
model cannot be reliably used in regulatory skin sensitiza-
tion risk assessment (e.g. under REACH).
Statistical QSARs covering several mechanistic domains

have become a growth area recently. Some have apparent
high predictive rates, but typically lack any sound mecha-
nistic basis and are usually only able to model a secondary
endpoint of skin sensitization presence or absence or else
a crude potency classification [29, 56]. The majority of
these QSARs use selections from the same set of pub-
lished LLNA data [62] suggesting an over emphasis on ap-
plying new statistical techniques or descriptors rather than
trying to rationalize the underlying skin sensitization
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mechanism. As a consequence, it is suggested that these
models may serve, at best, in a restricted capacity as
screening tools within an ITS.

2.3 Expert Systems

2.3.1 Knowledge-Based Systems

DfW is a knowledge-based expert system created with
knowledge of structure – toxicity relationships and an em-
phasis on the need to understand mechanisms of action
and metabolism [72]. Within DfW, there are 361 alerts cov-
ering a wide range of toxicological endpoints. An alert
consists of a toxicophore, a substructure known or thought
to be responsible for the toxicity alongside associated liter-
ature references, comments and examples. The skin sensi-
tization knowledge base in DfW was initially developed in
collaboration with Unilever in 1993 using its historical da-
tabase of GPMT data for 294 chemicals [40, 73, 74]. The
DfW knowledge base is under constant development as
new chemical insights and data become available [43, 75,
76]. Version 9.0.0 contains 64 alerts for skin sensitization.
Whilst DfW is an extremely valuable tool, the training da-
tasets used to derive the structural alerts are hidden from
the end-user. The applicability domain is also insufficiently
characterized. This means that the performance from any
evaluation exercise using published data (as shown in Ref.
[29]) is likely to be inflated. It is worth noting that the sys-
tem is only able to flag the potential for sensitization, not
the absence of sensitization, which limits its practical utili-
ty as a stand-alone tool. Since the alert is derived on the
basis of a combination of different data sources, it is not
possible to relate a given alert to a defined test protocol.
DfW is of value in the assessment of skin sensitization but
only as part of an ITS framework.

2.3.2 Statistical Expert Systems

TOPKAT comprises two sets of sensitization models that
were developed originally by Enslein et al. [77]. GPMT
data for 315 chemicals was assembled from published col-
lections in Contact Dermatitis and from the dataset pub-
lished by Cronin and Basketter, [47]. The data were then
scaled according to classes defined by Barratt et al. [40,
73]. Two sets of models were developed: one for aromatics
(excluding chemicals with one-benzene ring) and the other
for aliphatics and chemicals with one-benzene ring. The
first set of models discriminated between non-sensitizers
and sensitizers, the second set of models resolved the po-
tency: weak/moderate versus strong. The present version
of TOPKAT (Version 6.2) has been supplemented with
data for a further 20 chemicals [78]. The training set of
TOPKAT is partly accessible and the domain is defined us-
ing the patented Optimal Prediction Space (OPS) [79]. A
similarity function to identify analogues with associated
data is also embedded into TOPKAT which is useful for

verifying the robustness of a given prediction. The lack of
a defined unambiguous algorithm and explanation of the
descriptors lower the practical usability of the tool. The
performance has found to be variable [29] but nonetheless
the model may be of some value in providing, through the
similarity function, supporting information within an ITS.
CASE methodology and all its variants (e.g. MCASE,

CASETOX) were developed by Klopman and Rose-
nkranz [80 – 82]. There are more than 180 modules cover-
ing various areas of toxicology and pharmacology end-
points including skin sensitization currently marketed by
MultiCASE Inc. (Cleveland, Ohio, US). The CASE ap-
proach uses a probability assessment to determine whether
a structural fragment is associated with toxicity. To achieve
this, molecules are split into structural fragments up to a
certain path length. Probability assessments determine
whether fragments significantly promote or inhibit toxici-
ty. To create models, structural fragments are incorporated
into a regression analysis. The MCASE modules available
for skin sensitization are described further in primary arti-
cles [82 – 85]. The (Q)SAR estimates for the MCASE skin
sensitization model are also included in the Danish Envi-
ronmental Protection Agency (EPA)Bs (Q)SAR Database
which is hosted on the website of the Joint Research Cen-
treBs European Chemicals Bureau (ECB) http://ecb.jrc.it/
QSAR/. Like the other expert systems already described,
the training set is hidden and the algorithm is not fully de-
fined suggesting this tool might at best offer some insights
for a weight of evidence skin sensitization assessment.

2.3.3 Hybrid Expert Systems

The TImes MEtabolism Simulator platform, marketed by
LMC (University LAs ZlatarovB, Bourgas, Bulgaria), used
for predicting Skin Sensitization (TIMES-SS) is a hybrid
expert system which aims to encode structure toxicity and
structure metabolism relationships through a number of
transformations simulating skin metabolism and interac-
tion of the generated reactive metabolites with skin pro-
teins. The skin metabolism simulator mimics metabolism
using 2D structural information. Metabolic pathways are
generated based on a set of 236 hierarchically ordered
principal transformations including spontaneous reactions
and enzyme catalysed reactions (phase I and II). The cova-
lent reactions with proteins are described by 47 alerting
groups. The associated mechanisms are in accordance with
the existing knowledge on electrophilic interaction mecha-
nisms of various structural functionalities. Some of these
reactions are additionally underpinned by mechanistically
based 3D-QSARs [66, 86]. Recently an external validation
activity was undertaken whereby data were generated for
40 new chemicals in the LLNA and then compared with
predictions made by TIMES-SS. The results were promis-
ing with an overall good concordance (83%) between ex-
perimental and predicted values [30]. This model has been
characterized with respect to the OECD principles [30].
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The tool shows promise but more efforts are required to
refine some of the rules, in particular to improve the pre-
dictions of weak sensitizers. In addition, since the training
set is a mix of three different datasets; the translation re-
quired to relate the unified modelled endpoint to one used
in regulatory practice is not altogether straightforward.
For this reason, TIMES-SS is thought to be best applied in
the context of an ITS.
Overall, there are reasonable prospects for the use of

expert systems such as DfW, TIMES-SS though only as
part of a weight of evidence assessment of skin sensitiza-
tion (see Table 1).

2.4 Local QSAR Models

The majority of the local models available have been de-
rived by the Relative Alkylation Index (RAI) approach,
which was first developed by Roberts and Williams, [87] in
1982. This mathematical model quantified the degree of
carrier alkylation with sensitization potential and is ex-
pressed in most general form as:

RAI ¼ log Dþ alog kþblog P ð1Þ

where D is the dose of sensitizer, log k models the reactivi-
ty and is the rate constant or relative rate constant k for
the reaction of the sensitizer with a model nucleophile and
log P, is the octanol –water partition coefficient which
models the hydrophobicity. For specific use with LLNA
data, an RAI – potency relationship can be described by:

pEC3 ¼alog kþ blogPþ c ð2Þ

where p denotes � log, EC3, for this purpose is the molar
percentage of chemical sensitizer required to elicit a three-
fold increase in lymph node cell proliferation.
The RAI model has been used to evaluate a wide range

of different datasets of skin sensitizing chemicals. It has in
particular, served well for the development of QSARs for
small sets of structurally related chemicals, to substantiate
formulated hypothesis. Examples of RAI models include
those derived for primary alkyl bromides [88], sultones
[87, 89], acrylates [90], sulphonate esters [91], urushiol an-
alogues [92], halo- and pseudohalobenzenes [93], alde-
hydes and diketones [94 – 99] (see Table 1 for a selection
of illustrative examples).

2.4.1 Quantitative Mechanistic Models (QMM)

The RAI model had been thought up until recently to be
only applicable for closely related datasets. This view start-
ed to change following work on aldehydes and ketones
[94 – 99] but work in Ref. [100] found that it was possible
to classify a selection of diverse compounds [101] into re-
action mechanistic applicability domains, i.e. grouping ac-
cording to the mechanisms whereby the compounds could

react with nucleophiles. For the 41 chemicals evaluated, a
domain containing a diversity of structures could be identi-
fied which was related by common reaction chemistry and
in which ranking of compounds in order of reactivity was
feasible. A number of reaction mechanistic applicability
domains were identified as a result: Michael-type addition
domain; bimolecular nucleophilic substitution (SN2) do-
main; aromatic nucleophilic substitution (SNAr) domain;
acylation domain; Schiff-base domain. These started to
provide the foundation to underpin skin sensitization with
sound reaction chemistry principles, which were later used
to develop a new QMM model for Schiff-base electro-
philes [102]. The principles were hence generalized in
[103] and further evaluated using larger datasets in Ref.
[104] and [105].
The principles provided the framework for how infor-

mation from RAI mechanistic approaches could be best
exploited in the evaluation of skin sensitization potential
and potency. First, the mechanistic domain would need to
be assigned based on the principles outlined in Ref. [103]
or by using experimental chemistry if necessary. If a QMM
existed for this domain, this could be used to estimate the
skin sensitization potency, the EC3 value of a chemical.
The output would be the same as the regulatory test result
thus requiring no transformation. Alternatively, if no
QMM existed, a mechanistic read-across could be poten-
tially undertaken, i.e. relating mechanistically similar
chemicals with available sensitization data (taken for ex-
ample from Ref. [62]) in order to estimate an EC3 value
for the chemical of interest by interpolation. This would
still rely on the same inputs as for a QMM, namely reactiv-
ity and hydrophobicity information. Hydrophobicity is
conveniently modelled using log P. The challenge is in de-
riving the relevant reactivity information. Approaches to
encode reactivity include heats of reaction [106], an activa-
tion index [107], substituent coefficients (such as Taft s*
coefficients) [108] or experimental measures of reactivity
(e.g. log of rate constants, k) of chemicals with model nu-
cleophiles [109 – 114]. The log P and log k information for
both the chemical of interest and the chemicals of known
sensitization potency could then be used to derive an esti-
mate of sensitizing potency for the chemical of interest
[113]. Ideally, the generation of a large database of experi-
mental measures of reactivity could also help to eventually
develop a convenient and robust in silico reactivity param-
eter. This is the subject of on-going work but more resour-
ces are required.
The QMM approach of integrating mechanistic princi-

ples for skin sensitization shows great promise for the de-
velopment of robust models to predict skin sensitization
potential and potency in both a standalone mode under
REACH or as part of an ITS. A comprehensive reactivity
database would greatly facilitate implementation of this
strategy.
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3 Conclusions

There is a very strong mechanistic understanding of skin
sensitization, as summarized earlier [3, 25, 26]. Most pub-
lished skin sensitization QSARs to date have fallen into
one of two main categories: either they are RAI QSARs,
typically of high statistical quality but applicable to a nar-
row range of closely related structures or they are statisti-
cal QSARs which aim to be global in their applicability,
are variable in their successes, insufficiently characterized
and lacking in real mechanistic insight [29, 56]. Whilst
these have become a growth area recently, all have been
based on selections from the same limited set of published
LLNA data suggesting too much focus on applying new
statistical techniques or descriptors rather than under-
standing and rationalising the likely sensitization potential
of new compounds. Their lack of characterization makes
them less useful for regulatory applications such as in
REACH which calls for the use of estimates from valid
(Q)SARs.
Expert systems available such as DfW, TOPKAT are

more promising alternatives. Their lack of full transparen-
cy and in some cases lack of established applicability do-
main means that their use whilst valuable is probably best
limited to supporting information in a weight of evidence
assessment as part of an ITS [29].
The covalent hypothesis continues to be the most prom-

ising way of developing mechanistically based robust
QSARs. The reaction chemistry concepts recently outlined
in Aptula and Roberts [103] have changed the perspective
regarding RAI QSARs. These QSARs are actually more
widely applicable than originally thought [102] where ro-
bust mechanistic-based QSAR models (QMMs) can be de-
veloped within reaction chemistry domains. Such models
were available (an example is Ref. [102]) are well charac-
terized with respect to the OECD principles and are suffi-
ciently robust for standalone purposes under REACH. In
addition, the strategy described above demonstrates how
RAI mechanistic approaches can currently be used in the
evaluation of skin sensitization potency. Routine imple-
mentation of this strategy would be greatly facilitated if
there existed an adequate parameter to model reactivity in
silico. Experimental work to generate the necessary reac-
tivity data to realize this is on-going as evidenced by Aptu-
la et al. [109] and by others [110 – 114], but more resources
are required [113].
An additional consideration for all types of models, is to

establish relevance, in this case REACH relevance. At the
current time, this might best be achieved using an invento-
ry such as the European INventory of Existing Commer-
cial chemical Substances (EINECS). This would necessi-
tate the characterization of existing substances (such as
EINECS) by a domain [115] and hence an assessment to
be performed to determine the extent in which the existing
(Q)SARs were representative of that domain. This would
also help to identify information gaps where further test-

ing might need to be carried out to ensure that a portfolio
of models could span the entire domain. This is an imme-
diate research need.

Disclaimer

The views in this paper belong to the authors, and do not
necessarily represent formal views or positions of the Eu-
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