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ABSTRACT 

 

This report reviews the state-of-the-art of in silico and in vitro methods for assessing 

dermal and ocular irritation and corrosion. Following a general introduction, the 

current EU legislation for the classification and labelling of chemicals causing 

irritation and corrosivity is summarised. Then currently available non-animal 

approaches are reviewed. The main alternative approaches to assess acute local toxic 

effects are: a) in silico approaches, including SARs, QSARs and expert systems 

integrating multiple approaches; and b) in vitro test methods. In this review, emphasis 

is placed on literature-based (Q)SAR models for skin and eye irritation and corrosion 

as well as computer-based expert systems.  
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LIST OF ABBREVIATIONS 

3D-QSAR Three-Dimensional QSAR 

3 Rs  Reduction, Refinement, and Replacement (of animal experiments) 

AD  Average Deviation 

AAD  Absolute Average Deviation 

ALS  Adaptive Least Squares 

BAIA  Baseline Activity Identification Algorithm 

BCOP  Bovine Corneal Opacity and Permeability 

BECAM Bovine Eye Chorio-Allantoic Membrane (in vitro assay) 

BfR  (German) Federal Institute for Risk Assessment (former BgVV) 

BgVV (German) Federal Institute for Health Protection of Consumers and 

Veterinary Medicine (now BfR) 

BLR  Binary Logistic Regression 

BNN  Bayesian Neural Network 

C / NC  Corrosive / Non-Corrosive 

CA   Competent Authority (in EU Member State) 

CAChe Computer-Aided Chemistry 

CEC  Commission of the European Communities 

CEET  Chicken Enucleated Eye Test 

CHIP  Chemicals Hazard Information and Packaging  

CI  Confidence Interval 

C&L   Classification and Labelling  

CM  Classification Model  

CMC  Critical Micelle Concentration 

COLIPA European Cosmetic, Toiletry and Perfumery Association 

CT  Classification Tree  

CSA  Cluster Significance Analysis  

DA  Discriminant Analysis 

DEREK Deductive Estimation of Risk from Existing Knowledge 



  10

DES  Draize Eye Score 

DM  Dipole Moment 

DRD  Detailed Review Document 

DSS  Decision Support System 

ECB  European Chemicals Bureau 

ECETOC European Centre for Ecotoxicology and Toxicology of Chemicals 

ECM  Embedded Cluster Modelling 

ECVAM European Centre for the Validation of Alternative Methods 

EEC  European Economic Community  

EHS  Environmental Health and Safety  

EIT  Eye Irritation Thresholds  

ELINCS European List of Notified Chemical Substances 

EPA  Environmental Protection Agency 

EU   European Union  

E-value Electrotopological state value 

EWG  Endpoint Working Group (within REACH Implementation Project 3.3) 

F  Fischer statistic 

FDA  Food and Drug Administration 

GFA  Genetic Function Approximation 

GHS  Globally Harmonised System  

HCE  Human Corneal Epithelium in vitro reconstituted model 

HCL  Harmonisation of Classification and Labelling 

HET-CAM Hen's Egg Test on the Chorio-Allantoic Membrane 

HOMO  Highest Occupied Molecular Orbital  

HSG  Human Serum -Globulin 

I / NI  Irritant / Non-Irritant 

IPCS   International Programme on Chemical Safety 

IRAG   Interagency Regulatory Alternatives Group 

ITC  Interagency Testing Committee 



  11

IVSCT  In vitro Skin Corrosivity Test  

LDA  Linear Discriminant Analysis 

LHASA Logic and Heuristics Applied to Synthetic Analysis 

LMC  Laboratory of Mathematical Chemistry 

LogP   Logarithm of the octanol/water partition coefficient 

LOO  Leave-One Out  

LOO-CV Leave-One-Out Cross-Validation 

LUMO  Lowest Unoccupied Molecular Orbital  

LVET  Low Volume Eye Test 

MAS  Maximum Average Score (eye irritation measure)  

MCI   Molecular Connectivity Index 

MDES  Molar Draize Eye Score 

MES  Molar-adjusted Eye Score  

MI-QSAR  Membrane-Interaction QSAR  

MLR  Multidimensional Linear Regression  

MMAS  Modified Maximum Average Score (eye irritation measure) 

MP  Melting Point 

MultiCASE Multiple Computer Automated Structure Evaluation 

MV  Mean Value 

MV  Molecular Volume 

N  Absolute Hardness 

NN  Neural Network  

NOAEL  No Observed Adverse Effect Level  

OECD  Organisation for Economic Co-operation and Development 

OPS   Optimum Prediction Space 

PII  Primary (skin/eye) irritation scores 

PBBK  Physiologically Based Bio-Kinetic (model) 

PC  Principal Component 

PCA  Principal Components Analysis 



  12

PLS  Partial Least Squares 

PM  Prediction Model (for converting in vitro to in vivo data) 

pKa   -log10 of the acid dissociation constant  

(Q)SAR  (Quantitative) Structure Activity Relationship  

QSTR  Quantitative Structure-Toxicity Relationship  

REACH  Registration, Evaluation and Authorisation of Chemicals 

RIP   REACH – Implementation Project 

RIVM  Dutch Institute for Public Health and the Environment 

SAR  Structure-Activity Relationship  

SCCNFP  European Commission’s Scientific Committee on Cosmetics and Non 

Food Products  

SD  Standard Deviation 

SICRET Skin Irritation Corrosion Rules Estimation Tool  

SuCCSES Substructure-Based Computerized Chemical Selection Expert System 

TER  (rat skin) Transcutaneous Electrical Resistance test  

TGD   Technical Guidance Document 

TOPKAT  TOxicity Prediction by C(K)omputer Assisted Technology 

VOC  Volatile Organic Compound 

WDS  Weighted Draize Score 

X  Electronegativity 

 



  1

1. Introduction 

This report reviews the state-of-the-art of in silico and in vitro methods for assessing 

dermal and ocular irritation and corrosion. Following a general introduction (Chapter 

1), the current EU legislation for classification and labelling of chemicals causing 

irritation and corrosivity is summarised (Chapter 2). Then currently available non-

animal approaches are reviewed. The main alternative approaches to assess acute 

local toxic effects are in silico approaches, particularly SARs, and QSARs (Chapter 

3); in vitro test methods (Chapter 4). In this report, emphasis is placed on literature-

based (Q)SAR models for skin and eye irritation and corrosion (Chapter 3), and on 

expert systems integrating multiple approaches into computer-based tools (Chapter 5). 

Acute local irritancy and corrosivity are mainly assessed in two contexts: in the 

hazard classification of industrial chemicals and in the safety assessment of 

ingredients and mixtures used in industrial, pharmaceutical and consumer products. 

The intended purpose in each context is different, and therefore the considerations 

made in the two situations are not equivalent.  

In the hazard identification of chemicals, the purpose of testing is to assess the 

irritation/corrosion potential according to classification schemes defined by regulatory 

authorities. Current regulatory proposals recommend a tiered (stepwise) approach to 

hazard identification in which chemicals can be classified as irritating/corrosive on the 

basis of results from non-animal methods. Since testing in animals is only required as 

a last step to confirm negative results generated by non-animal tests, these testing 

strategies contribute to the reduction and refinement of in vivo tests. The non-animal 

methods act as partial replacements of the animal test being used to place chemicals 

into two or more categories of irritation/corrosion potential, without generating too 

many false positive results. In such strategies, there is less concern about the 

generation of false negatives because these can be identified by the animal tests 

carried out in the last step of the process.  

In contrast, in the safety assessment of ophthalmologic and cosmetic ingredients, 

mixtures and products, the purpose is to demonstrate that the products will not cause 

adverse effects. In this case, the placement of test substances into broad 

irritation/corrosion categories is often not sufficient, since it is necessary to establish 

the absence of adverse effects at lower concentrations. Although there is an increasing 
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reliance on non-animal methods, it is more challenging to assess the reliability of 

predictions for product safety. 

Since the skin is often exposed to cosmetic products, the potential for a particular 

product/ingredient to cause skin irritation or corrosion needs to be evaluated as part of 

the overall safety assessment process. The standard test for assessing skin irritation 

and corrosion potential has been for many years the Draize rabbit skin test [1].  

The eye can be exposed to cosmetic products and their ingredients either through use 

of products intended to be used around the eyes (e.g. mascaras, eye creams) or 

through accidental exposure to products that may enter the eye in diluted form during 

normal use (e.g. shampoos). The evaluation of eye irritation potential for a cosmetic 

product and its ingredients is essential to ensure that a product is safe for consumers. 

The conventional test for assessing eye irritation and corrosion potential of chemicals 

is the Draize rabbit eye test developed by Draize in 1944 [1]. 

Although corrosivity should not be caused by cosmetics, occasionally it can occur 

after a manufacturing mistake or misuse. In the formulation process, a cosmetic 

ingredient that has the intrinsic property to be irritant or corrosive is not necessarily 

excluded for use in cosmetics. Irritation and corrosivity are dependent on the final 

concentration in the cosmetic product, on the presence of neutralising substances, the 

excipients used, the exposure route, and on the conditions of use, among other factors.  
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2. Regulatory context in the European Union 

2.1. REACH 

Currently under European legislation, Directive 67/548/EEC [2] on the classification, 

packaging and labelling of dangerous substances requires new substances to be tested 

and assessed for possible risks to human health and the environment before they are 

marketed in volumes starting at 10 kg. Skin and eye irritation and corrosion (acute 

dermal toxicity) testing is required for substances produced or imported at levels 

above 100 kg per year. 

In contrast, existing substances are assessed under the provisions of Regulation 

793/93/EEC [3]-[4]. This Regulation requires the identification of priority substances, 

which are then subjected to comprehensive risk assessment led by EU member state 

regulatory authorities. A consequence of this distinction is that testing of low priority 

existing substances has not been required, which means that data on the health and 

environmental effects of most existing substances is lacking.  

In October 2003, to address this knowledge gap, the European Commission published 

a draft proposal for a new chemicals legislation called REACH, which stands for the 

Registration, Evaluation and Authorisation of Chemicals in the European Union [5]-

[12]. The proposed REACH legislation aims to obtain the necessary information for 

all substances imported or manufactured at volumes greater than 1 tonne, with a 

period of 11 years from the entry into force of the legislation. REACH envisages an 

extensive system of assessing the physicochemical, (eco)toxicological and 

environmental properties of chemicals based mainly on their tonnage. Annexes VII to 

X of REACH describe the information requirements for substances manufactured or 

imported into the EU in quantities above one tonne per year, with possibilities for 

adaptations (including derogations) where justified. The exact testing and data 

requirements depend on the volume, but the base set for substances produced or 

imported in quantities between 1 and 10 tonnes per year includes physicochemical 

properties, toxicological and ecotoxicological data. 

Thus, the risk assessment of New and Existing Chemicals will be driven by the 

forthcoming REACH legislation, expected to enter into force in 2007. Several studies 

reporting the estimated economical benefits and animal life savings of using 
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intelligent testing strategies based on (Q)SARs, read-across, and other waiving 

possibilities have been published by the ECB [13]-[14].  

2.2. Globally Harmonised System  

In September 1989, the Commission of the European Communities (CEC) raised the 

need to evaluate the feasibility of rationalising the different classification schemes 

based on acute toxicity of chemicals existing in different countries, trading blocks, 

and international organisations [15]-[22]. The schemes for classifying chemicals as 

dangerous based on toxicological properties, and the national authorities or 

international organisations responsible for the schemes were identified. 

In November 1994, the OECD decided to create the Programme on Harmonisation of 

Classification and Labelling (HCL). The objectives of this programme were to 

develop a harmonised classification system for chemical substances covering nine 

hazard endpoints considered in existing classification systems. The objectives also 

included the development of a harmonised hazard classification system for chemical 

mixtures, based on the same endpoints as considered for substances.  

As the work progressed, Detailed Review Documents (DRD) were drafted and 

subsequently discussed and agreed upon by OECD ad hoc Expert Groups, endorsed 

by the OECD Task Force on HCL. They were used as the basis for consensus building 

on the proposals for harmonised classification systems. The various DRD are 

available as Environmental Health and Safety (EHS) Monographs in the Series on 

Testing and Assessment.  

In November 1998, the 28th Joint Meeting recognised the achievements made in the 

area of classification of substances and approved the concept of an Integrated 

Document, which brings together the harmonised classification systems for each of 

the nine recognised hazard categories, including the substances which cause skin 

irritation/corrosion, and eye irritation/corrosion. The two endpoints are combined into 

a single classification system in the case of mixtures. The Harmonised System for the 

Classification of Chemicals which cause Skin Irritation/Corrosion and Eye 

Irritation/Corrosion are collected in Chapters 2.2 and 2.3, respectively, while the 

Harmonised System for the Classification of Chemical Mixtures which cause Skin 

and Eye Corrosion/ Irritation is collected in Chapter 3.3 [20].  
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2.3. Cosmetics Directive 

In the EU, the Cosmetics Directive 76/768/EEC [23] imposes the legal obligation that 

cosmetics sold to consumers should be safe. Thus, the responsibility for product 

safety lies with the cosmetic manufacturer or the legal person placing a cosmetic 

product on the Community market, who must be able to demonstrate that the product 

is safe for the consumer. 

The Cosmetics Directive does not specify a fixed dataset or methods needed to assess 

the safety of cosmetic ingredients [24]; however, the safety assessment of finished 

cosmetic products without animal testing is only possible provided that an adequate 

toxicological data package on the ingredients is available, according to guidelines 

developed by the Commission’s Scientific Committee on Cosmetics and Non Food 

Products (SCCNFP) [25]. Toxicological data requirements for cosmetic ingredients 

based on the SCCNFP guidelines include eleven endpoints: acute systemic toxicity; 

skin irritation/corrosion; eye irritation; skin sensitisation; skin absorption; subacute 

and subchronic toxicity; genotoxicity/mutagenicity; UV-induced toxic effects 

(phototoxicity, photoallergy, photogenotoxicity); toxicokinetics and metabolism; 

carcinogenicity; and reproductive and developmental toxicity.  

The safety assessment of a cosmetic product requires taking into account the general 

profile of the ingredients, their hazard (which is the intrinsic potential of a substance 

to cause damage to human health) and the risk (which is the probability of a substance 

to cause damage under relevant use conditions). For all cosmetic ingredients, 

appropriate data must be provided to permit an adequate safety assessment, regardless 

of tonnage.  

2.4. Endpoint – Regulatory definitions 

The classification and labelling of commercial substances within the EU is based on 

the use of Risk phases (R-phrases). R-phrase definitions are assigned after the 

toxicological evaluation of a wide range of human health hazard effects, including 

acute toxicity, repeat dose toxicity, carcinogenicity, mutagenicity, reproductive 

toxicity, teratogenicity, irritancy and sensitisation. Thus, R-phrases are used as 

indicators of hazard potential for a large number of new and existing substances. 

Guidance on the classification and labelling of chemicals is provided under the 



  6

Chemicals Hazard Information and Packaging for Supply (CHIP) Regulations 1997 

[26]-[27]. R-phrase definitions and the grounds upon which chemicals are assigned R-

phrases for skin and eye irritation/corrosion are presented in Table 1. 

 

Table 1. R-phrases for skin and eye irritation/corrosion 

Risk 
Phrase  Effect Description 

R34 C Causes burns Full thickness destruction of the skin occurs as a 
result of up to 4 hours exposure.  

R35 C Causes severe burns Full thickness destruction of the skin occurs as a 
result of up to 3 minutes exposure. 

R36 Xi Irritating to eyes Defined reversible changes of cornea, iris or 
conjunctiva 

R38 Xi Irritating to skin Defined reversible inflammation of the skin as a 
result of up to four hours of exposure 

R41 Xi 
Risk of serious  
damage to eyes 

Defined severe reversible changes or irreversible 
changes of cornea, iris or conjunctiva 

 

The protocols recommended for the different required tests are described in the Annex 

VII of the dangerous substances directive (Directive 67/548/EEC [2]) and in the 

OECD testing guidelines for chemicals. Test methods in Annex VII for dermal and 

ocular irritation/corrosion are summarised in Table 2. 

 

Table 2. Test methods for dermal and ocular toxicity in Annex V to Directive 67/548/EEC. 

Method Title Directive 

B.3 Acute toxicity (dermal) [28]  92/69/EEC 

B.4 Acute toxicity (skin irritation) [29]  92/69/EEC 

B.5 Acute toxicity (eye irritation) [30]  92/69/EEC 

B.40 Skin Corrosion [31] 2000/33/EC 

 

The OECD in cooperation with the Coordinating Group on the Harmonisation of 

Chemical Classification Systems has agreed on a harmonised system of classification 

to be used internationally [20]. Separate categories have been adopted for skin 

irritation and for skin corrosion, while eye irritation and corrosion are comprised in a 

single category. The available OECD test guidelines for these endpoints are 

summarised in Table 3. 
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Table 3. OECD Guidelines for Testing of Chemicals. 

No. Title Original 
Adoption 

Most Recent 
Update 

404 Acute dermal irritation/corrosion [32] 12 May 1981 24 April 2002 

405 Acute eye irritation/corrosion [33] 12 May 1981 24 April 2002 

430 In vitro Skin Corrosion: Transcutaneous Electrical 
Resistance Test (TER) [34] 13 April 2004 - 

431 In vitro Skin Corrosion: Human Skin Model Test [35] 13 April 2004 - 

 

The TG 404 was first adopted in 1981 and was revised in 1992 [36]; likewise, TG 405 

was adopted in 1981 and revised in 1987. Detailed Review Documents on 

Classification Systems for Eye Irritation/Corrosion and Skin Irritation/Corrosion in 

OECD Member Countries are gathered in the OECD Series on Testing and 

Assessment documents No.14 [37] and No.16 [38], respectively. At the OECD 

workshop in Solna, Sweden, in 1996 [16], it was agreed that both TGs should be 

updated to include a sequential testing strategy [39]-[40]. The subsequently revised 

draft documents were submitted for review in May 2001 [41]-[43] and adopted in 

April 2002. The definitions according to the OECD guidelines and to the GHS are 

given below in the next sections.  

2.4.1. Skin Irritation 

Definition according to the OECD TG. Dermal irritation is defined in OECD TG 

404 as “the production of reversible damage of the skin following the application of a 

test substance for up to 4 hours” [32]. In the EU this effect is assigned the R-phrases 

“Xi” and R38.  

Pathological characteristics and manifestation of skin irritation. Erythema/eschar 

and edema are manifestations of dermal irritation, but further guidance is lacking. 

Irritation is initially manifest by redness (erythema), vesicles, serous exudates, serous 

scabs (eschar) and various degrees of swelling (edema). Over time, other reactions 

may be manifest, like small areas of alopecia, hyperkeratosis, hyperplasia and scaling. 

Histopathology is useful in discerning among responses. In most cases inflammation 

is well developed within the first 72 hours of observation.  
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Grading of dermal responses. For the grading of dermal responses, there is a 

consensus among all the authorities to use the Draize grading scale for dermal lesions 

(Table 4).  

 

Table 4. Grading of dermal responses (Draize scale) [32]. 

Erythema and eschar formation Grade 

No erythema 0 

Very slight erythema (barely perceptible) 1 

Well defined erythema 2 

Moderate to severe erythema 3 

Severe erythema (beet redness) to slight eschar formation (injuries in depth) 4 

Edema formation Grade 

No edema 0 

Very slight edema (barely perceptible) 1 

Slight edema (edges of area well defined by definite raising) 2 

Moderate edema (raised approximately 1 mm) 3 

Severe edema (raised more than 1 mm and extending beyond the area of exposure) 4 

 

Globally Harmonised System. According to the GHS [20], a single category is 

adopted for skin irritation. Erythema/eschar and oedema are graded separately; an 

animal’s mean score from readings over the first three days after exposure must meet 

a defined level to be positive; and at least 2 of 3 tested animals must be positive for 

the test to be positive. Positive responses can also be obtained using other less 

common criteria. The proportion of test substances expected to be positive by the 

proposed irritant category is within the range of positives among existing 

classification systems. Some authorities use two hazard categories, i.e. irritants and 

mild irritants. 

Criteria for classification. Authorities vary as to the existence of criteria for 

evaluating irritation; whether mean scores are computed for one time period or across 

all grading times; whether endpoint grades are used alone (edema or erythema/eschar) 

or grades are pooled (edema plus erythema/eschar). Authorities also vary as to when 

animals are observed and scored for dermal lesions and whether animals are followed 

to evaluate the reversibility of lesions. Most authorities grade lesions at or around 24, 



  9

48 and 72 hours after patch removal; fewer of them grade lesions within 1 hour of 

patch removal. None use times beyond 72 hours.   

EU Criteria. In the in vivo rabbit Draize test, the chemical is applied to the shaved 

skin of 3-6 rabbits and covered for 4 or 24 hours [29]. The chemical is then wiped off 

to permit observation for signs of skin irritation, and application sites are examined 

after 24, 48, and 72 hours after application for assessment of primary skin irritation 

scores, using an empirical formula. For a three-animal test, mean scores across 3 

scoring times (24, 48 and 72 hours after patch removal) are calculated for each animal 

for edema grades and for erythema/eschar grades, separately. A test is positive when 

the mean score is 2 or greater. The test is positive for irritation when at least two 

animals are positive for the same endpoint (erythema/eschar or edema). For a six-

animal test, a mean score is calculated across 3 scoring times (as above) and across all 

six animals for edema grades and for erythema/eschar grades, separately. A mean 

score of 2 or more identifies an irritant. EU criteria also recognise the importance of 

reversibility of lesions over time up to 14 days.  

2.4.2. Skin Corrosion  

Definition according to the OECD TG. Dermal corrosion is defined in OECD TG 

404 as “the production of irreversible damage to skin; namely, visible necrosis 

through the epidermis and into the dermis, following the application of a test 

substance for up to four hours. Corrosive reactions are typified by ulcers, bleeding, 

bloody scabs, and, by the end of observation at 14 days, by discolouration due to 

blanching of the skin, complete areas of alopecia, and scars” [32]. In the EU this 

effect is assigned “C” and either R34 or R35. 

Pathological characteristics and manifestation of skin corrosion. In some cases 

corrosive manifestations are noted soon after application to the skin, however, it can 

take a period of days for the process to reach maximum intensity. Corrosion involves 

the destruction of tissue through the epidermis and down into the dermis. When there 

is bleeding or bloody scabs (eschar) it is obvious that the epidermal basement 

membrane has been breached and the process has entered the dermis. Over time there 

is often blanching of the skin due to the loss of pigment cells. Since hair follicles are 

embedded in the dermis, areas of alopecia also indicate corrosivity. Histopathology 
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can give a definitive diagnosis. Vesicles are an indication of irritation, not corrosion, 

as they represent disturbances at the epidermal-dermal interface. 

Global Harmonised System. According to the GHS [20], a single category is 

adopted for skin corrosion, although some authorities may subdivide the single 

corrosive category into up to three subcategories.  

Criteria for classification. The GHS criteria for classification of corrosion are agreed 

upon (e.g. at least one of three tested animals must show corrosive effects after 

exposure up to a 4 hour duration before an agent is classified as corrosive) [20].  

EU Criteria. EU criteria state that if at least one test animal manifests a corrosive 

action following exposures of up to 3 minutes or up to 4 hours, then the test material 

will be judged to cause severe burns (R35) or to cause burns (R34), respectively.  

2.4.3. Eye Irritation / Corrosion 

Definition according to the OECD TG. Eye irritation is defined in OECD TG 405 as 

“the production of changes in the eye following application of a test substance to the 

anterior surface of the eye, which are fully reversible within 21 days of application” 

[33]. In the EU this effect is assigned “Xi” and R36. 

Eye corrosion is defined in OECD TG 405 as ”the production of tissue damage in the 

eye, or serious physical decay of vision, following application of a test substance to 

the anterior surface of the eye, which is not fully reversible within 21 days of 

application” [33]. In the EU, this effect is assigned “Xi”, and R41. 

Grading of ocular responses. Essentially four different approaches to the evaluation 

of ocular hazard have been developed, some of which have been used in the 

international regulation of chemical products. The classification procedures are 

similar since they all are based on the rabbit eye model. The effects of the substances 

on the cornea, iris and conjunctivae are graded on individual scales and given 

weighted scores, using the Draize scoring system for ranking responses (Table 5). 
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Table 5. Grading of Ocular Responses (Draize scoring system) based on the rabbit eye model 

[33].  

RESPONSE Score 

CORNEA  
Opacity: degree of density (area most dense taken for reading) 

 

No ulceration or opacity 0 

Scattered or diffuse areas of opacity (other than slight dulling of normal 
lustre), details of iris clearly visible 1 

Easily discernible translucent area, details of iris slightly obscured 2 

Nacrous area, no details of iris visible, size of pupil barely discernible 3 

Opaque cornea, iris not discernible through the opacity 4 

IRIS  

Normal 0 

Markedly deepened rugae, congestion, swelling, moderate circumcorneal 
hyperaemia, or injection, any of these or combination of any thereof, iris 
still reacting to light (sluggish reaction is positive) 

1 

No reaction to light, haemorrhage, gross destruction (any or all of these) 2 

CONJUNCTIVAE  

Redness (refers to palpebral and bulbar conjunctivae, cornea and iris); 
blood vessels normal 0 

Some blood vessels definitely hyperaemic (injected) 1 

Diffuse, crimson colour, individual vessels not easily discernible 2 

Diffuse beefy red 3 

Chemosis  
Swelling (refers to lids and/or nictating membranes) 

 

No swelling 0 

Any swelling above normal (includes nictating membranes) 1 

Obvious swelling with partial eversion of lids 2 

Swelling with lids about half closed 3 

Swelling with lids more than half closed 4 

 

The scores are processed differently to decide if a test substance is irritant or not, and 

to grade the severity of the irritation. The different features are of varying importance 

in each classification scheme [44]: the intensity of the irritant response in different 

regions of the anterior eye; the weighting of response scores prior to determining an 

irritation index; the level of response during the first three days after exposure; and 

the reversibility or irreversibility of a response. 
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Global Harmonised System. A single harmonised hazard group is defined for the 

classification of eye irritation that reverses within an appropriate observation time 

[20]. Local effects detected in a Draize rabbit test that reverse within 21 days after 

instillation of the substance into the eye are classified. Effects on the cornea, effects 

on the iris and conjunctival erythema and oedema are graded separately. An animal’s 

mean score from readings over the first three days after instillation must meet a 

defined level to be positive, and at least 2 of 3 tested animals must be positive for the 

test to be positive. Some authorities distinguish between mild and moderate eye 

irritants. 

Criteria for classification. The criteria for classification are based on mean Draize 

scores, and on the duration of effects (Table 6).  

 

Table 6. EU Criteria for the classification of eye irritation and corrosion.  

Response   R 36  R 41 

Corneal opacity > 2,  < 3 > 3 

Iris lesion > 1,  < 1.5 > 1.5 

Redness of the conjunctivae > 2.5  

Oedema of the conjunctivae > 2  

(Chemosis)    

 

The duration of the study should be sufficient to evaluate fully the reversibility or 

irreversibility of the effects observed. An extended observation period may be 

necessary if there is persistent corneal involvement or other ocular irritation in any 

animal in order to determine the progress of the lesions. 

Persistent colouration of the eye (this effect demonstrating irreversible penetration of 

the chemical into the cells of the eye) and irreversible corneal opacity are also judged 

as severe eye damage because these effects diminish crucially the function of the eye 

as an optical organ. Animals showing severe and enduring signs of distress and pain 

may need to be humanely killed. In that case the substance has to be labelled R41 

without taking into account the possible reversibility of effects. 

EU Criteria. Generally a Draize eye test is performed by applying the substance to 

the eye of a living rabbit [30], using one animal (if severe effects are suspected) or 

three animals (if no severe eye irritation is anticipated). Ocular lesions which occur 
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within 72 hours after exposure and which persist for at least 24 hours after instillation 

qualify a material to be classified as irritant to the eye, if they also reach certain score 

levels.  
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3. (Q)SAR Models 

In vivo testing for skin and eye irritation and corrosion is among the most emotive of 

all testing procedures. Due to public pressure and legislation, there has been a move to 

reduce this testing, and replacements have been sought, mainly by exploring the use 

of in vitro methods, but also non-testing methods (e.g. QSAR and read-across). Under 

REACH, it is expected that read-across and QSAR data will contribute to the initial 

assessment of whether testing is scientifically necessary. The OECD principles for 

(Q)SAR validation [45]-[46] identify the types of information that should be 

associated with a (Q)SAR model proposed for regulatory use. This section reviews the 

most representative (Q)SAR approaches developed for skin and eye 

irritation/corrosion.  

The underlying mechanisms of skin irritation/corrosion and eye irritation/corrosion 

are diverse and often not completely understood, and the relevance of the animal tests 

as indicators of human effects has been questioned. On the other side, it has been 

argued that the current animal tests provide conservative and protective assessments. 

For example, there is evidence that animal skin is more permeable to chemicals than 

human skin; thus, the use of rabbit Draize test as indicator of potential skin irritation 

in humans has been questioned. Draize test have been pointed as being conservative 

and protective, i.e. it overestimates the human response. In addition, species-related 

shifts in classification threshold have been observed in the corrosive / non-corrosive 

threshold when substituting rat skin for human skin. 

From the scientific literature, it appears that more emphasis has been placed on the 

QSAR modelling of ocular irritation compared with dermal irritation. Dermal and 

ocular responses are usually modelled separately, although some similarities have 

been established between both endpoints. For instance, the cross-correlation between 

primary skin irritation scores (PII) and eye irritation measures (i.e. maximum average 

score (MAS), and molar-adjusted eye score (MES)) showed moderate correlations 

that suggested both similarities and differences between the skin and eye mechanisms 

of action.  

 

Tiered assessment strategies have been applied jointly and separately to both 

endpoints. There is strong evidence that chemicals that are corrosive to the skin 



  15

should also be classified as being corrosive to the eye, especially if the assessment is 

made from knowledge of acidity and alkalinity [47]-[48]. In particular, in the EU and 

OECD classification schemes, chemicals that have been found to be corrosive to the 

skin are automatically considered to be corrosive to the eye as well (and are therefore 

labelled as such without animal testing). 

For the prediction of skin toxicity, basic physicochemical properties underlie the 

irritant response. These properties include the fundamental acidic and basic properties 

of the chemical, its ability to penetrate the skin (a function of hydrophobicity and 

molecular size), and cytotoxicity. This last property can be described by in vitro 

modelling or it can be estimated from physicochemical properties. Thus, skin 

irritation/corrosivity is postulated to result from the chemical first penetrating the 

skin; then, if the chemical is sufficiently cytotoxic, death of the cells beneath results in 

corrosivity. However, irritation and corrosion endpoints have been modelled mostly 

separately for the dermal response. This is due to the fact that corrosion is considered 

to be more a physical effect (which can be captured by a simple description of acidity 

or basicity) than a biologically mediated effect. The description of acidity/basicity can 

be derived from a measurement of pH of certain strength of solution or acid/alkali 

reserve, or from the presence of certain structural features known to be associated 

with acids and bases.  

The mechanistic pathway is likely to vary with chemical class, and it has generally 

been assumed that multiple class-specific (Q)SAR models are required to predict the 

toxic potential of a wide array of chemicals. Thus, (Q)SAR models have generally 

been developed for small datasets of specific groups of compounds, although in some 

cases more diverse and larger datasets have been also examined. In general, it has 

been suggested that basic physicochemical parameters such as acidity, basicity, 

hydrophobicity, and molecular size as well as electrophilic reactivity, are useful to 

predict the toxic potential of homologous chemicals. Thus, certain parameters may be 

used to define cut-offs (e.g. a range of pH values, or molecular weights) so that 

compounds with a physicochemical parameter below or above a certain value can be 

classified as toxic (or non-toxic). Most models employ intramolecular 

physicochemical properties associated with solubility. A few models also consider the 

intermolecular physicochemical parameters that describe the interactions between the 

compound of interest and a biological receptor. For example, some models are based 
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on the molecular simulation of molecule-membrane interactions (MI-QSAR). In 

contrast, models intended to predict the toxic potential of heterogeneous groups of 

chemicals have emphasised the commonality of structural features. 

The simplest (Q)SAR approaches are traditional quantitative regression models and 

classification models (CM). Concerning the statistical technique used to derive the 

model, linear modelling techniques (linear regression, and linear discriminant analysis 

for CM) have generally been employed, although a number of non-linear approaches 

(neural networks, and cluster analysis for CM) have also been explored. Non-linear 

modelling techniques are thought to be generally useful for the modelling of 

heterogeneous datasets. A number of selected reviews have been referenced [49]-[60]. 

Some of the most comprehensive reviews on acute local effects are the PhD thesis of 

Worth [49]; the series of reviews by Schultz et al. [53]-[54], papers by Cronin et al. 

[55] and by Patlewicz et al. [56]; and the review of expert systems by Cronin et al. 

[57]. 

3.1.1. Skin Irritation 

Following in vivo animal testing (Draize rabbit skin test), chemicals are classified as 

being either irritant or corrosive, depending on specific responses to the tests. In the 

regulatory assessment of chemicals, relatively few QSAR methods have been applied 

to the prediction of skin irritation and corrosion. One of the earliest SAR approaches 

to predict skin irritation is based on the TOPKAT methodology [61]. Other local 

models have been reported by Berner [62]-[64], Nangia [65], Hayashi [66], Smith 

[67]-[68], and Kodithala [69], who reported a MI-QSAR model. 

 

Enslein et al. [61] reported QSARs to predict rabbit skin irritation severity, based on 

the Draize assay. The models, based on an extensive dataset of publicly available skin 

irritation data, were implemented in the TOPKAT software package (Accelrys, Inc.). 

After harmonising the experimental numerical scores into a consistent severity rating 

system, the dataset was split into compounds without, and with rings, prior to develop 

the models. It was noted that compounds without rings (260 compounds) were located 

at the high range of the severity scale, while the compounds with rings (526 

compounds) were concentrated near the low range of the scale. Thus, two sets of 

independent models were developed for the different categories. For each subset of 
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compounds, two QSAR equations were developed; a first equation to select severe 

irritant compounds, and a second one to discriminate mild and moderate irritants from 

non-irritant compounds. The models could not distinguish between mild and moderate 

irritation. The parameters used for the development of the models were molecular 

connectivity indices (MCI), MOLSTAC substructural keys (either individual keys 

describing single chemical features, or combination keys), and molecular length 

parameters. The QSAR models were developed by stepwise discriminant analysis 

(DA). The variable selection process was applied separately first to dichotomous 

parameters and after to continuous parameters. Robustness of the DA was checked, 

and all the possible regression subsets were calculated to determine the subset of 

variables that best fit regression criteria. Validation was carried out employing the 

resubstitution method, in which the discriminant function is used to evaluate the 

compounds used to develop the equation. The classification accuracy for the QSAR 

models ranged from 90% to 95% (Table 7). Indeterminate compounds were defined in 

the region around chance probability (0.5), set between p=0.3 and p=0.7. These 

QSARs form the basis of the skin irritation module in TOPKAT. 

 

Table 7. Classification results of the discriminant QSAR models for skin irritation.  

Models Subequations 
Overall 
Accuracy 

False 
Positives 

False 
Negatives 

Indeterminate 
F 
(p<<0.001) 

Severes vs 
Others 94.8% 3.1% 

(3.8%)* 
2.2% 
(11.1%)* 

11.9% 15.56 
Non-ring 
compounds Negative svs 

Mild/Moderates 95.0% 
1.5% 
(13.6%)* 

3.5% 
(3.9%)* 2.4% 8.33 

Severes vs 
Others 91.0% 5.6% 

(6.6%)* 
3.4% 
(22.3%)* 15.8% 13.51 

Ring 
compounds Severes vs 

Others 89.8% 4.3% 
(15.8%)* 

5.9% 
(8.1%)* 15.7% 11.93 

* Percentage of false predictions in relation to the experimental class 

  

Berner et al. published a series of papers [62]-[64] in which they reported that the 

severity of irritation from reduced sets of organic acids and bases in humans 

correlated with the acid or basic strength as measured by pKa. For example, one study 

reports the relationship between pKa and skin irritation in humans for a congeneric 

series of benzoic acid derivatives [64]. It was found that skin irritation and pKa were 
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strongly correlated; for pKa higher than 4 skin irritation rapidly increased. Related to 

the same study, Nangia et al. [65] published a one-variable model based on 12 organic 

bases relating skin irritation with pKa. According to the interpretation of the results, 

skin irritation would be triggered by local alterations in pH caused by acidic and basic 

chemicals.  

 

Hayashi et al. [66] reported two local QSAR models for predicting the molar-

weighted skin irritation scores (PII) of a set of 30 phenols. The dataset was split into a 

training set (24 phenols) and a test set (6 phenols) used to validate the models. The 

descriptors used to build the models were based on reactivity and permeability. The 

absolute hardness (N) and electronegativity (X) calculated from the highest occupied 

molecular orbital (HOMO), and the lowest unoccupied molecular orbital (LUMO) 

energy levels, accounted for reactivity; the logarithm of the octanol/water partition 

coefficient (LogP) accounted for permeability. Two different models were obtained 

according to the sign of the LUMO energy level (positive or negative), i.e. the 

electronic characteristics of phenols. It was found that phenols with positive LUMO 

react with amino acids in both the epidermis and the dermis as electron donors, 

resulting in irritation. Therefore, their irritation potential was based on their skin 

permeability, LogP (r=0.82). On the other hand, phenols with negative LUMO only 

reacted with amino acids in the epidermis as electron donors, resulting in relatively 

low irritation (r=0.72). This model, independent of skin permeability, was correlated 

with absolute hardness (N). The goodness-of-fit for the different regression equations 

are summarised in Table 8. The differences between predicted and experimental 

scores for the six test phenols showed a good correlation (n=30, r=0.83). This study 

suggested that skin irritation caused by phenols is related to their reactivity with 

macromolecules and their skin permeability; differences in reactivity among phenols 

were dependent on the electron-releasing or electron-attracting characteristics of their 

substituents.  
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Table 8. Goodness-of-fit of the linear regression QSAR models for skin irritant phenols.  

Model N Equation r F s 

13 1130178NPII  –0.36 1.27 18.00 
Positive LUMO 

13 5.25log230 PPII  0.82 23.12 12.82 

11 2200474NPII  0.72 3.86 7.85 
Negative LUMO 

11 4.63log9.22 PPII  0.16 0.25 9.21 

 

Smith et al. [67] reported a local QSAR model for 42 esters (13 irritants and 29 non-

irritants), for which human skin irritation data were available. The model was based 

on 19 calculated physicochemical parameters, representing transport, electronic and 

steric properties. The robustness (stability) of the model was assessed by using 

multiple random resampling. The 13 irritant esters were paired with ten random sets 

(with replacement) of 13 non-irritants esters, and statistical analyses were conducted 

with each test. Best subsets regression was used to select variables for subsequent 

inclusion in discriminant models, and to identify candidate models for further 

analysis. Linear discriminant analysis (LDA) was used to distinguish between irritant 

and non-irritant esters. The sensitivity of the resulting ten models evaluated by leave-

one-out (LOO) cross-validation ranged from 0.846 to 0.923; the specificity ranged 

from 0.615 to 0.923. The averaged performance results for the ten models is 

summarised in Table 9. Compared with non-irritant esters, the irritant ones had lower 

density, lower water solubility, lower sum of partial positive charges, higher Hansen 

hydrogen bonding parameter, and higher Hansen dispersion parameters. The results 

indicate that transport and electronic parameters related to intermolecular interactions 

are relevant parameters for modelling skin irritation in humans. 

 

Table 9. Averaged performance of the discriminant SAR models for human irritant esters.  

 Squared Distance* Sensitivity Specificity 

Mean 4.9 0.885 0.738 

Upper confidence interval 6.9 0.910 0.799 

Lower confidence interval 3.0 0.859 0.678 

* Degree of separation between the active and inactive group means 
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In a subsequent study, Smith et al. conducted an experimental validation study [68] to 

assess the ability of the previously developed QSAR model [67] to predict human skin 

irritation by esters commonly used as fragrance ingredients. Thirty four esters 

reported to cause irritation in rabbits, located within the predictive space of the QSAR 

model, were selected for human testing by using the patch test procedure. Of the 34 

rabbit irritants selected, 16 were predicted by the QSAR model to be positive and 18 

were predicted to be negative. The comparison of the experimental rabbit Draize test 

with human patch testing revealed that only two of the 34 esters were human irritants. 

Training set compounds were then queried by using the previously developed ten 

QSAR submodels, following a consensus approach [67]. An ester was predicted to be 

an irritant if at least five of the submodels predicted it to be positive. The QSAR 

model was refined by incorporating the results from the new experimental patch 

testing. As before, 19 physicochemical descriptors were calculated; statistical analyses 

were performed on 10 subsets of the database, each subset consisting of randomly 

selected irritants and non-irritants. Best subsets regression analysis identified 

candidate models for subsequent discriminant analysis, and each candidate model was 

analysed by using linear regression. Sensitivities and specificities were determined by 

the leave-one-out cross-validation (LOO-CV) method. Although all of the 34 

investigated esters had been reported to be dermal irritants on rabbit skin, only 16 

were predicted to be potentially irritant according to the QSAR models. Then the 

dataset of esters was combined with a previously published dataset of 42 esters to 

create a more robust dataset. Ten random sets of 10 irritant esters and 50 non-irritant 

esters were formed and statistical analyses were conducted on each set. The most 

consistent parameters were solubility parameter, water solubility, Hansen dispersion, 

Hansen hydrogen bonding, and sum of partial positive charges. The sensitivity and 

specificity values for the submodels ranged from 0.50 to 0.80 and from 0.72 to 0.90, 

respectively. The averaged results are given in Table 10. 
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Table 10. Averaged predictivity of the discriminant QSAR models for human irritant esters. 

 Squared Distance* Sensitivity Specificity 

Mean 2.87 0.66 0.81 

95% CI  0.60 0.06 0.04 

 * Degree of separation between the active and inactive group means 
 CI: Confidence Interval 

  

Kodithala et al. [69] reported a membrane-interaction QSAR (MI-QSAR) study to 

predict skin irritation of a set of 20 diverse hydroxy alcohol compounds. This study 

combined the use of an in vitro skin irritation model with QSAR techniques. The main 

assumption was that skin irritation does not depend on specific interaction receptors 

but on the absolute uptake into the phospholipid rich regions of cellular membranes, 

which constitute the effective “receptor”. Different phases of this model comprised 

modelling of the membrane and molecular dynamics simulations; construction of 

solute molecules and docking of the molecules in the membrane; calculation of intra 

and intermolecular QSAR descriptors; and construction of QSAR models by using a 

genetic function approximation (GFA) as a fitting function in the multidimensional 

linear regression (MLR) model. The comparison of different intramolecular QSAR 

models (using descriptors such as LogP and HOMO) with MI-QSAR models 

suggested that the latter were more robust. After checking the cross-correlation 

descriptor matrix for each model, the MI-QSAR model with three descriptors (LogP, 

HOMO and electrostatic plus Van der Waals interaction energy (E(vdw+chg)) with 

performance of r2=0.76 and r2
cv=0.67 was considered the most stable one (see Table 

11). The training set was split into two subsets of aliphatic alcohols and phenols; 

newly developed three-term MI-QSAR models achieved r2=0.95, and r2=0.94, 

respectively (Table 12). In conclusion, skin irritation was predicted to increase with 

increasing effective concentration of irritants, with increasing binding of compounds 

to the phospholipid-rich regions of the cellular membrane, and with increasing 

chemical reactivity, reflected by HOMO and LUMO.  
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Table 11. Goodness-of-fit and robustness of the QSAR and MI-QSAR models for skin irritant 

hydroxy alcohols. 

QSAR models MI-QSAR models 

N Equation r2 r2
cv N Equation r2 r2

cv 

20 PPII log90.084.1  0.54 0.37 20 PPII log93.096.1  0.54 0.37 

20 
FOCT

HOMOPII
41.0

63.33.56

 
0.61 0.43 20 

HOMO
chgvdwEPII

42.2
)(06.03.34

 
0.62 0.48 

20 
FOCT

MRHOMOPII
93.0

16.057.24.42

 
0.64 0.40 20 HOMOP

chgvdwEPII
14.1log82.0

)(26.051.3

 
0.76 0.67 

20 
MRLUMO

FOCTVmPII
36.271.3

61.057.084.19

 
0.67 0.37 20 HOMOchgvdwE

ETOMWPII
72.4)(18.0

66.006.007.68

 
0.86 0.72 

 ETOchgvdwEVmFOCT ,,, : intermolecular solute-membrane interaction descriptors 

 

Table 12. Goodness-of-fit and robustness of the MI-QSAR models for skin irritant aliphatic 

alcohols and phenols. 

Submodel N  MI-QSAR Equation r2 r2
cv LSE 

Aliphatic 
Alcohols 13 EHBHOMOchgvdwEPII 22.046.3)(09.060.49  0.95 0.84 0.35 

Phenols 9 SAPLUMOchgvdwEPII 04.0log44.211.3)(61.004.19  0.94 0.81 0.42 

SAEHBchgvdwE ,, : intermolecular solute-membrane interaction descriptors 

 

3.1.2. Skin Corrosion 

Various models for skin corrosion have been reported by Barratt and collaborators 

[70]-[75]. Most of these studies do not provide explicit classification models but 

principal component (PC) analyses based on physicochemical properties, which allow 

visual discrimination between corrosive (C) and non-corrosive (NC) chemicals. The 

models are based on homogeneous datasets, i.e. acids, bases, electrophiles or neutral 

organics. In addition to PC analyses, discriminant analysis (DA), stepwise regression, 

and neural network (NN) analyses are also reported. In these studies, Barratt also 

points out the potential of using combined in vitro cytotoxicity data together with 

more conventional physicochemical parameters.  

Tiered testing strategies for skin corrosion have been developed and assessed by 

Worth and Cronin [76]-[78]. The evaluation of a two-step strategy, based on the 
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sequential use of pH measurements and in vitro data, indicated that the combined use 

of these data improved the ability to predict corrosion potential [76]. Subsequently, a 

three-step strategy was reported, based on the sequential use of QSARs, pH 

measurements and in vitro data [79]. A separate study by Worth confirmed the 

usefulness of pH as a predictor of skin corrosion potential, and provided a new 

prediction model (PM) for identifying corrosive chemicals by a pH-dependent 

mechanism [78]. 

 

Barratt et al. [70]-[71] reported a study to predict the presence or absence of skin 

corrosivity potential for four datasets containing 30 mixed organic chemicals (acids, 

bases, and neutral), 20 organic acids, 21 organic bases, and 15 phenols, respectively. 

The descriptors were selected taking into account postulated mechanisms for skin 

corrosion. It was hypothesised that the chemical must first penetrate into the skin, and 

then it can kill the cells beneath the stratum corneum if it is sufficiently cytotoxic. 

Thus, LogP values, molecular volume (MV), and melting point (MP) was used to 

model percutaneous absorption, while the intrinsic acidity or basicity of chemicals 

expressed by the pKa value was used to account for cytotoxicity. Classification data 

and structure-corrosivity relationships were investigated separately for each subset of 

chemicals, and an exploratory similarity analysis was carried out by using principal 

components analysis (PCA). For each group of chemicals, plots of the first two 

principal components (PC) for the four descriptors were presented. In all cases, the 

chemicals classified as corrosive were clearly separated from those classified as non-

corrosive. The counterbalancing effects of the different variables on corrosivity were 

also illustrated by the plots. Chemicals with low LogP values, large molecular 

volumes or high melting points (features associated with low skin permeability and 

low solubility) were likely to be found in non-corrosive areas of the plots, unless they 

were particularly acidic or basic (very low pKa values). On the other hand, the 

mechanism of cytotoxicity of phenols was associated with hydrophobicity and the 

proton-donating ability; this mechanism was characterised by the pKa value. 

Barratt also reported models relating skin irritation and corrosivity data of neutral and 

electrophilic organic chemicals [72]. As before [70], the parameters used modelled 

skin permeability (LogP, and molecular volume), reactivity (dipole moment (DM)) 

and compensated for the fact that skin irritation/corrosivity testing is carried out with 
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a fixed mass or volume of chemical. Datasets were analysed by using stepwise 

regression, discriminant analysis, and principal components analysis. Cross validation 

was carried out by using a fixed deletion pattern of three subsets of data; three trials 

were carried out with each subset omitted once. Although the models were reported in 

the same paper, skin irritation and skin corrosion were modelled separately. Finally, a 

stepwise approach to the skin corrosivity/irritation classification of neutral and 

electrophilic organic chemicals was outlined. 

Skin irritation. For the set of 52 neutral and electrophilic organic chemicals, 

discriminant analysis between irritant and non-irritant compounds based on the above 

parameters was able to discriminate well for only 73.1% of the dataset, and 67.3% 

when cross-validated (Table 13). The poor discrimination at the irritant/non-irritant 

classification boundary was attributed to biological variability. Stepwise regression 

analysis of the Primary Irritation Index (PII) for the same dataset showed a poor 

correlation (r2= 0.422; r2
cv= 0.201) with a positive dependence on LogP and dipole 

moment, and a negative dependence on molecular volume, which confirmed the 

putative model for skin irritation (Equation 1). When the QSAR equation was used to 

predict the PII values, the 17 misclassified chemicals formed a band with predicted 

PII values lying between 2.07 and 3.48. This range of predicted PII values represented 

the range of uncertainty for the discriminant analysis, for which no firm predictions 

could be made.  

Table 13. Classification results for each step of the discriminant model for skin irritation.  

Step Entering 
Variable 

Total fraction 
well classified 

Unclassified 
Irritant 
well classified 

1 MV 0.615 0.645 0.571 

2 DM 0.615 0.613 0.619 

3 LogP 0.712 0.742 0.667 

4 1/MW 0.731 0.742 0.714 

Cross-Validation 0.673 0.677 0.667 

 

Equation 1. Goodness-of-fit and robustness of the QSAR model for skin irritation.  

353.0888.0244.0log047.1 DMMVPPII  

70.11;376.1;201.0;422.0;52 22 Fsrrn cv  
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Skin corrosion. For the set of 40 electrophiles and two pro-electrophiles, discriminant 

analysis based on LogP, MV and DM, was able to discriminate reasonably well 

between corrosive and non-corrosive chemicals (92.9% correctly classified). The 

addition of the third parameter, DM, did not increase the overall discrimination (Table 

14). A plot of the first two principal components of the same parameters, accounting 

for the 89.9% of the total variance, showed a clear demarcation between corrosive and 

non-corrosive electrophiles. The predominant parameter in determining the skin 

corrosivity of electrophilic organic chemicals appeared to be the molar dose at which 

they are tested, because skin corrosivity testing is conducted using a fixed mass or 

volume of chemical. 

  

Table 14. Classification results for each step of the discriminant model for skin corrosion. 

Step Entering 
Variable 

Total fraction 
well classified 

Non-corrosive 
well classified 

Corrosive 
well classified 

1 LogP 0.833 0.867 0.750 

2 MV 0.929 0.933 0.917 

3 DM 0.929 0.900 1.0 

Cross-Validation 0.929 0.933 0.917 

 

In another study [73], the corrosive potential of a series of six fatty acids was 

investigated in the in vitro skin corrosivity test (IVSCT), using both rat and human 

skin. The variables used were the same as those used in the previously reported 

studies, i.e. LogP, MV, and MP for percutaneous absorption, and pKa for cytotoxicity. 

The dataset previously reported in [70], was extended with the six additional fatty 

acids, and consisted of 27 organic acids. A plot of the first two principal components, 

containing 84.3% of the variance of the original data for organic acids, was able to 

discriminate between corrosive and non-corrosive chemicals on the basis of effects on 

rabbit skin. However, for human skin there was a shift in the corrosive/non-corrosive 

threshold. This was explained in terms of the effect of LogP: although skin 

permeability increases almost linearly with 1ogP, at a certain point it begins to level 

off. As LogP increases further, there is evidence that skin permeability of fatty acids 

starts to decrease in human skin [47]. The consequence of this latter effect, together 

with the increase in melting point with increasing alkyl chain length, is that fatty acids 

with alkyl chains longer than 9 carbons are not corrosive to human skin. Due to 
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differences in barrier properties (stratum corneum thickness and lipid composition) 

between rabbit and human skin, the shift in the corrosive/non-corrosive threshold 

between animal and human skin was rationalised in terms of changes in the skin 

permeability parameters. Chemicals on the borderline could be expected to be those in 

which the classification was most sensitive to changes in skin type. Thus, the 

classification of chemicals located in the boundary could be equivocal as a 

consequence of variability of biological data. In contrast, the classification of 

chemicals that were away from boundary regions were least likely to be affected by 

such changes.  

The datasets of organic acids, bases and phenols published in earlier works were 

extended in a subsequent study by Barratt [74]. As in the previous studies, PCA on 

LogP, MV, MP, and pKa confirmed that the analysis was able to discriminate between 

corrosive and non-corrosive chemicals. In addition to PCA, the datasets were also 

analysed employing neural networks (NN), using the same parameters as inputs. NN 

were trained in the range 0.0 to 1.0, with non-corrosive chemicals being assigned the 

value 0 and corrosive chemicals the value 1. The accuracies of the NN were 97.02%, 

93.86%, and 95.85% for the acids, bases and phenols, respectively. As well as 

yielding classification predictions in agreement with those in the training sets, 

predicted outputs in the 0 to 1 range gave an indication of the confidence of the 

predicted classification, especially in regions near to the classification boundaries, 

where there can be uncertainty in the prediction. The regions of biological uncertainty 

at the classification threshold between corrosive and non-corrosive chemicals were 

also examined.  

In a subsequent study, Barratt et al. [75] derived structure-corrosivity relationships 

relating the severity of skin corrosivity of 27 acids (from [74]) designated by the EU 

risk phrases R34 and R35, to descriptors for skin permeability and cytotoxicity. Skin 

permeability was modelled by the usual parameters (LogP, MV and MP) whereas the 

cytotoxicity was accounted for by pKa values and an in vitro cytotoxicity parameter 

for the effects of the sodium salts of the acids on mouse embryo cells (pEC50). The 

dataset was analysed by using PCA and back-propagation neural network (NN) 

analysis. Plots of the first two PCs using only the conventional physicochemical 

descriptors failed to distinguish the acids classified as R34 from those as classified as 

R35. A plot of PCs 2 and 3 gave better resolution, but with some embedded clustered 
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data, possibly due to the presence of electrophilic groups conferring additional 

cytotoxicity to that expressed by the pKa parameter. When in vitro cytotoxicity 

parameters, expressed as pEC50 values, were included in the PCA plot, PCs 2 and 3 

showed the best discrimination between acids classified as R34 and R35. Back-

propagation networks contained a single hidden layer with four nodes. The values of 

the inputs were transformed so that the lower limit was 0.0 and the upper limit 1.0. 

The accuracy for predicted classifications ranged from 84 to 87%. The classification 

predictions were in agreement for 26 of the 27 acids; when an outlier was omitted, the 

accuracy achieved for classification increased to 96.26%. PCA and NN analysis were 

both able to discriminate well between chemicals with the EU classifications R34, and 

R35.  

Tiered assessment schemes for the prediction of skin irritation and corrosion have 

been designed and evaluated by Worth [49]. The first step of the process consisted of 

classifying corrosivity based on melting point (MP) and molecular weight (MW). This 

was followed by the use of a classification model (CM) based on pH (Step 2). 

Subsequently, in vitro data from the EPISKIN assay were used (Step 3). If the 

compound was ultimately classified as non-corrosive in the third step, a similar 

iterative process was performed to identify skin irritants. Ultimately, if the compound 

was predicted non-irritant, the in vivo Draize skin test was applied. Thus, the purpose 

of such a scheme was to classify chemicals and to confirm negative classifications 

with the use of animal tests.  

In a subsequent study, Worth et al. [76] evaluated the uncertainty associated with the 

predictive abilities of two-group classification models (CM), expressed in terms of 

their Cooper statistics. Standard and percentile bootstrap resampling techniques were 

used to judge whether predicted classifications were significantly better than the 

predictions made by a different CM, or whether the performance of a CM exceeded 

predefined performance criteria in a statistically significant way. This method was 

illustrated by constructing 95% confidence intervals (CI) for the Cooper statistics of 

four alternative skin corrosivity tests (TER, EPISKIN, Skin2, and CORROSITEX), as 

well as two-step sequences in which each in vitro test was used in combination with a 

physicochemical test for skin corrosion based on pH measurements. The PMs were 

applied to a dataset of 60 chemicals already published [79]. Cooper statistics were 

used to determine whether the four two-step sequences, with sensitivities greater than 
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or equal to 70%, were significantly more predictive than the four stand-alone in vitro 

tests. This study showed that the performances of the TER, EPISKIN, Skin2 and 

CORROSITEX tests in combination with the pH test were better than the individual 

performances of the in vitro tests (Table 15). 

 

Table 15. Classification results of the individual in vitro tests and the in vitro tests in sequence 

with the pH test. 

 Bootstrap mean estimates 

In vitro test Concordance Sensitivity Specificity 

TER 78 83* 87 96* 71 73* 

EPISKIN 81 88* 83 96* 80 82* 

Skin2 75 83* 45 70* 100 94* 

CORROSITEX 73 74* 71 72* 76 78* 

  * Use of the in vitro test in sequence with the pH test 

 

The bootstrap resampling technique was subsequently applied to assess the variability 

of Draize tissue scores to estimate acute dermal and ocular effects [77]. This 

technique was used to estimate biological variability arising from the use of different 

animals, and temporal variability arising from different time-points. The estimates of 

variability where then used to determine the extent to which Draize skin and eye test 

tissue scores could be predicted. A dataset of 143 ECETOC chemicals was used for 

the variability of Draize skin scores, while for eye scores the dataset consisted of 92 

ECETOC chemicals. The results indicated that the variability in Draize skin scores 

was such that no model for predicting PII could be expected to have r2>0.57; in 

contrast, the variability in Draize eye scores was such that no model for predicting 

MMAS could be expected to have r2> 0.81.  

Finally, a paper by Walker et al. reports the so-called Skin Irritation Corrosion Rules 

Estimation Tool (SICRET) that was developed to estimate whether chemicals are 

likely to cause skin irritation or skin corrosion [80]. SICRET is a tiered approach that 

uses physicochemical property limits, structural alerts and in vitro tests to classify 

chemicals.  
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3.1.3. Eye Irritation / Corrosion 

In comparison to skin irritation and corrosion, a more significant number of (Q)SAR 

analyses have been reported to model local eye toxicity. The first reported models 

were incorporated into or derived from expert systems. The model published by 

Enslein et al. [81], based on structural fragments, was implemented in TOPKAT. In 

contrast, the models published by Klopman et al. [82]-[84] used chemical 

substructures implemented in MultiCASE (MultiCASE Inc.).  

Enslein et al. [81] reported a QSAR study for the estimation of rabbit eye irritation 

scores, using the same basis as the study performed on skin irritation [61]. For 

statistical and modelling purposes, the original dataset (consisting of 592 compounds) 

was divided into compounds without rings and compounds with at least one ring. The 

descriptors used were Kier and Hall molecular connectivity indices and computer-

generated MOLSTAC substructural keys, which account for the contribution of 

structural fragments to eye irritation. Separate models were developed for the two 

subsets by using discriminant analysis (DA); furthermore, two sub-equations were 

developed for each model in order to separate the various classes of irritancy. After 

collinearity analyses and detection of outliers, the subset of variables which explained 

most of the variance was determined by an all-possible regressions algorithm, which 

generates all the possible combinations for a predefined number of variables. DA 

produces probabilities ranging from 0 to 1; the region from 0.3 to 0.7 was considered 

as indeterminate, and therefore a region in which predictions should not be used. For 

non-ring models, it was not possible to separate the mild irritants from the moderate 

ones. The classification accuracy of the equation which separated negative 

compounds from all others was 89.8%, with an indeterminate rate of 15%, while the 

model separating severe irritant compounds from all others yielded an accuracy of 

90.2%, with an indeterminate rate of 30.9%. In contrast, for ring-models, there was 

92.7% accuracy for the discrimination between negative/mild irritants and 

moderate/severe ones, and a 87.8% accuracy for the separation of severe irritants from 

all others. The classification accuracies of the QSAR models is summarised in Table 

16. In general, the false negative rate turned out to be substantially higher than the 

false positive one.  
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Table 16. Classification results of the discriminant QSAR models for eye irritation. 

Models Subequations 
Overall 
Accuracy 

False 
Positives 

False 
Negatives 

Indeterminate 
F 
(p<0.001) 

Negatives vs 
Others 89.8% 3.2% 

(22.5%)* 
7.0% 
(8.2%)* 15.0% 25.3 

Non-ring 
compounds 

Severes vs Others 90.2% 2.7% 
(4.3%)* 

7.1% 
(19.1%)* 30.9% 15.2 

Negative/Milds vs 
Moderate/Severes 92.7% 2.9% 

(8.1%)* 
4.45 
(6.9%)* 29.3% 8.63 

Ring 
compounds 

Severes vs Others 87.8% 6.6% 
(9.9%)* 

5.6% 
(16.7%)* 24.3% 10.0 

  * Percentage of false predictions in relation to the experimental class 

 

The Multi-CASE SAR method was used to develop a predictive model of ocular 

irritation based on the evaluation of the significance of chemical structure in the 

induction of eye irritation [82]-[83]. The original Draize dataset was augmented and a 

new QSAR model was reported [84]. Multi-CASE was trained with a non-congeneric 

database of 186 organic chemicals previously evaluated in a modified Draize test for 

their ability to cause eye irritation in vivo (by Klopman et al. [82]). The eye toxicity of 

the compounds was ranked by giving an index of 15 to non-toxic molecules, 25 to 

those listed as marginally toxic, 35 to toxic molecules, 45 to very toxic molecules, and 

55 to those found to be extremely toxic. A total of 37 functionalities and substructural 

attributes were found to be relevant for eye irritation potential, including carboxylate 

and sulphonate groups (in anionic surfactants), phenolic moieties (in non-ionic 

surfactants), amino groups, halogenated and unsaturated structures, anhydrides and 

epoxides. Ester groups were recognised as having a low irritation potential. The 

Multi-CASE program was then used to predict the eye irritation potential of 21 test 

chemicals, chemical mixtures, and polymers. Five of the compounds contained 

substructural fragments not encountered in the training set, but the remaining 18 

compounds were successfully predicted.  

The eye irritation database of the previous study consisting of 186 compounds, 

extended with 21 compounds, was studied by using a Baseline Activity Identification 

Algorithm (BAIA) [83] that uncovers the underlying relations between the biological 

activity of a diverse set of molecules and global parameters. Chemicals were ranked 

by a qualitative score, according to the irritation potential. Following elimination of 

40 molecules, the correlation between LogP and the remaining 167 molecules yielded 
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r=0.60, and F=93.2 (Equation 2). Correlations between irritancy and LogP revealed 

that hydrophilic molecules tend to be more toxic. However, the variation in activity 

with changes in LogP was rather small. The program identified 20 substructures 

accounting for the toxic activity of the molecules (biophores). 

Equation 2. Goodness-of-fit and robustness of the QSAR model for eye irritation.  

Pscoreseye log155.35.34  

637.13;2.93;60.0;167 SDFrn  

A different SAR study based on the results of 297 chemicals tested in the Draize eye 

irritation assay was developed with Multi-CASE [84]. Prior to the SAR analyses, the 

major differences between the physicochemical properties of ocular irritants (I) and 

non-irritants (NI) were determined: in comparison with NI chemicals, I chemicals had 

significantly lower molecular weights, higher aqueous solubilities, and lower 

lipophilicities. The SAR analysis indicated that chemical reactivity was not associated 

with irritancy; in fact, I were significantly less electrophilic (lower LUMO), less 

nucleophilic (lower HOMO), less electronegative, and less reactive (greater electron 

gap) than NI. The authors used the Multi-CASE expert system to identify biophores 

(substructures which occur with a significantly greater frequency in irritants than in 

non-irritants) and biophobes (substructures which occur significantly more frequently 

in non-irritants than in irritants). The major structural determinants included primary, 

secondary and tertiary amine groups (i.e. basic groups), as well as carboxylate, 

organosulphate and sulphonate groups (i.e. acidic groups). Multi-CASE analyses 

resulted in the development of SAR models which explained the 98.8% and 99.3 % of 

the activity, respectively. However, the activities of many compounds (n=22) were 

explained by unique biophores that occurred only once. This finding suggested that 

chemicals in the training set had a low informational content (41.5%), and a restricted 

chemical coverage. The predictivity of the SAR submodels derived from the dataset 

was determined by a ten-fold cross-validation procedure. The overall predictivity 

determined for the individual SAR submodels ranged from 66.3% to 69.7%, yielding 

69.7% for the consensus model (Table 17). The predictive performance determined 

after removing chemicals with unique biophores (out of the applicability domain) 

improved to 74.2% for the consensus model. Thus, the major structural determinants 

included hydrophilicity, alkalinity, acidity, and specific receptor-binding interactions.  
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Table 17. Predictivity of the SAR submodels and consensus model for eye irritation.  

SAR submodel Cut-off Sensitivity Specificity Concordance 

MultiCASE potency 18 units 0.47 0.56 * 0.85 0.86 * 66.7% 72.4% * 

MultiCASE prob. 49% 0.49 0.58 * 0.83 0.83 * 66.3% 72.0% * 

CASE potency 18 units 0.56 0.59 * 0.83 0.82 * 69.7% 71.3% * 

CASE prob. 66% 0.46 0.51 * 0.87 0.87 * 67.0% 70.6% * 

Consensus Model 50% 0.60 0.69 * 0.80 0.79 * 69.7% 74.2% * 

    * without unique fragments 
MultiCASE is the updated version of CASE, which includes CASE algorithm as an option; the new 
program MultiCASE includes the ability to deal with subtle geometrical differences, with 
synergies, and with logical analysis and hierarchical decision making. 

 

 

Later, Sugai and coworkers published two papers: a QSAR model developed by 

applying the adaptive least squares (ALS) method to a heterogeneous dataset [85], and 

a QSAR for a reduced group of salicylates [86]. The first paper [85] reported a study 

of the relationship between the structural features of a set of 131 heterogeneous 

chemicals and the primary eye irritation in rabbits. The primary eye irritation ratings 

were classified into three classes on the basis of the recovery time of corneal and 

conjunctival damages: class I (recovering of damages within 24 hours); class II 

(damages persisting for more than 24 hours but recovering within 21 days); and class 

III (damages not recovering within 21 days). Thirty six substructural features were 

used to describe the molecules, i.e. a physicochemical descriptor, 34 descriptors 

accounting for the presence/absence/number of occurrences of structural fragments, 

and an indicator variable accounting for structural fragments and moieties. A QSAR 

model was developed by using the nonparametric pattern classifier adaptive least 

squares (ALS) method. After a preliminary selection of descriptors by backward 

stepwise elimination, several subsets of descriptors were selected by using an every-

possible-combination technique that minimised the number of misclassified 

chemicals. The derived three-class discriminant function included 18 descriptors. The 

descriptors with high positive contributions in the discrimination function (rings with 

one or two N atoms, –SO2–, –NO2, C=O bonds, and –COOH and –OH on benzene 

ring, and halogens) indicated the substructural features which contribute to the 

enhancement of the affinity of chemicals for proteins or lipids in ocular tissue due to 

electronic effects, resulting in irritation. In contrast, the descriptors with negative 
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contributions (R–O–R’, and –NH2) were associated with a reduced likelihood of 

irritation. The accuracy in classifying the chemicals into three classes was 86.3% in 

the recognition step, and 74.0% in the LOO prediction step. A prediction of irritation 

potential of an external set of 28 diverse chemicals supported the reliability of the 

discriminant function, with an accuracy of 72.4% and all the misclassified chemicals 

assigned to the nearest neighbouring classes (Table 18).  

Table 18. Classification results of the discriminant models for eye irritation.  

 N. misclassifications  N. misclassifications 
(by 2 grades) 

Spearman rank 
correlation coeff. Accuracy 

Recognition 18 0 0.869 86.3% 

LOO prediction 34 0 0.736 74.0% 

External prediction 18 0 - 72.4% 

 

In the second part of the previously reported study [85], the primary eye irritation 

potential of ten salicylates was assessed by in vivo and in vitro studies [86]. The 

effects of salicylates on human serum -globulin (HSG) and lipid matrix were 

investigated with an in vitro model for the prediction of eye irritation. A non-

destructive structural analysis of the corneal surface treated with salicylates was 

performed with IR spectroscopy. QSARs were derived for the irritation potential and 

in vitro effects of salicylates. A good correlation was obtained between the ability of 

salicylates to produce HSG aggregation and protein denaturation; in addition, 

statistical correlations were obtained between HSG aggregation of and the corneal and 

conjunctival scores. However, poor correlations were obtained between the Draize 

score and the lipid-substance interaction parameter. The physicochemical descriptors 

(acid dissociation constants and partition coefficients) were correlated with in vivo 

and in vitro data (Table 19). For in vivo data, pKa values were correlated with the 

cornea scores (r=–0.73) but not with the conjunctiva scores (r=–0.37). Salicylates 

with low pKa values led to an increase in the cornea score. LogP values did not 

correlate with either the cornea scores or the scores of conjunctiva. For in vitro data, a 

significant correlation was found between the aggregation of HSG and pKa values 

(r=–0.82), and salicylates with low pKa values led to an increase in the production of 

HSG aggregates. A poor correlation was obtained between the aggregation of HSG 

and the LogP values. Thus, for salicylates, increasing dissociation potential and 

electron withdrawing properties were important factors in inducing corneal 
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opacification and HSG aggregation. The corneal irritation and protein aggregation 

potential of salicylates were found to correlate with the acid dissociation constant 

more closely than the octanol/water partiion coefficient. Thus, eye irritation caused by 

salicylates was mainly attributed to the denaturation of proteins in ocular tissue, while 

effects on proteins depended on the dissociation potential of molecules.  

 

Table 19. Goodness-of-fit of the linear regression QSAR models for eye irritant salicylates.  

Correlation N. chemicals Equation r (P<0.05) 

pKa vs S (cornea) 10 1.1440.31 pKaS  –0.725 

pKa vs S (conjunctiva) 10 7.1153.1 pKaS  –0.365 

LogP vs S (cornea) 10 0.60log72.3 PS  –0.195 

LogP vs S (conjunctiva) 10 80.6log184.0 PS  –0.100 

Log(1/C) vs pKa 10 84.2277.01log pKaC  –0.820 

Log(1/C) vs LogP 10 98.1log023.01log PC  0.155 

 S: in vivo Draize scores; log(1/C): in vitro aggregation of HSG 

 

Lipnick et al. [87] analysed a dataset of 42 aliphatic alcohols and ketones, consisting 

of eye scores on an integer scale of l-10. Parabolic and bilinear models using LogP 

were fitted to model the eye score; the bilinear model yielded a better fit.  

Cronin started a series of papers analysing different statistical methods applied to an 

eye irritation dataset. He attempted to find linear regression relationships for a 

physically heterogeneous set of compounds [88]. However, the impossibility of 

deriving meaningful (Q)SAR models suggested the need to restrict the analysis to 

pure bulk liquids, developing submodels for limited datasets of alcohols and acetates. 

Discriminant analysis revealed an embedded cluster of irritant chemicals within the 

non-irritant chemicals, which was investigated further by Cronin [89]. Subsequently, 

the method of cluster significance analysis (CSA), which can be used to determine the 

significance of embedded clustering, was applied to the eye irritation dataset, and the 

technique of Embedded Cluster Modelling (ECM) was developed to generate elliptic 

prediction models for the embedded clusters [90]. The series of papers is closed with a 

comparative analysis [91] that illustrated the use of several linear statistical techniques 

to develop classification models (CM), i.e. linear discriminant analysis (LDA), binary 

logistic regression (BLR) and classification tree (CT) analysis. 
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Cronin et al. [88] reported a number of QSAR investigations based on an ECETOC 

dataset of 53 chemical diverse compounds with measured Draize eye irritation scores 

(DES). These numerical pseudo-quantitative parameters based on the summation of 

subjective scores were adjusted with the molarity of pure chemicals into molar eye 

scores (MES). The dataset was first analysed by using a set of 23 physicochemical 

descriptors accounting for hydrophobicity, size and shape, and electronic 

characteristics (Table 20). Three QSAR models obtained by stepwise regression 

analysis to all compounds in the dataset (n=38) and to the 23 physicochemical 

descriptors yielded poor statistical results: from r2=0.16 (using the square of LogP) to 

r2=0.35 (adding LUMO and the zero-order Kappa-alpha index). These results 

suggested that different chemical groups were driven by varying mechanisms of toxic 

action. QSAR analyses were attempted for defined chemical classes (alcohols and 

acetates) expected to follow a similar mechanism of action. When the dataset was 

split into subclasses, the QSAR model for 9 alcohols correlating the molar eye scores 

with LogP and HOMO achieved r2=0.80. For the subgroup of 7 acetates a correlation 

with LogP yielded r2=0.74. Stepwise linear discriminant analysis on the entire dataset 

with the 23 descriptors found no significant variables that could discriminate between 

irritants and non-irritants. This suggested that there was no linear distribution of the 

irritants with any of the variables considered. Principal components analysis of the 32 

parameters revealed that four components were sufficient to account for 92.6% of the 

original information. As a pattern recognition technique, the pairwise score plots of 

the four PCs for the 23 variables revealed that active compounds formed an embedded 

cluster surrounded by the diffuse cluster of inactive chemicals.  

Table 20. Goodness-of-fit of the linear regression QSAR models for eye irritants.  

Compounds n Equation r2 S F 

38 33.3log118.0 2PMES  0.16 2.56 8.2 

38 23.2713.0log125.0 2 LUMOPMES  0.27 2.4 7.7 All 
compounds 

38 44.00397.013.1log156.0 2 LUMOPMES  0.35 2.26 7.6 

9 13.4log06.2 PMES  0.72 1.89 21.3 
Alcohols 

9 10204.9log72.1 HOMOPMES  0.80 1.58 17.3 

Acetates 7 97.2log37.1 PMES  0.74 0.52 18.2 

    MES: Molar Eye Score 
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The presence of an embedded cluster was corroborated by an further paper [89], 

which identified the parameters that formed an embedded cluster of eye irritants 

among non irritants. Out of the total of 23 physicochemical descriptors, the five most 

significant were LogP, LogP2, heat of formation, dipole moment, and zero-order 

valence corrected molecular connectivity. A representation of heat of formation 

against LogP did not achieve full separation. However, PCA on the significant 

parameters allowed the embedded cluster to be visualised.  

Worth and Cronin reported another example of an embedded cluster prediction model 

derived from the ECETOC dataset [90]. The statistical significance of the embedded 

cluster was assessed by cluster significance analysis (CSA). The embedded cluster 

modelling (ECM) method allows the generation of elliptic models of two or more 

dimensions that can be used to identify embedded data. This paper reported a two-

dimensional ECM model for eye irritation potential based on 73 diverse organic 

ECETOC chemicals, using LogP (which models chemical diffusion) and a size-

independent molecular connectivity index (dV1, which accounts for the degree of 

branching and cyclicity). The sensitivity and specificity were 73% and 78%, 

respectively. The irritant region of parameter space was defined by a LogP range 

between 0.7 and 1.43, and an intermediate degree of branching or cyclicity. 

An further investigation by Worth and Cronin [91] illustrates the use of several linear 

statistical techniques to develop classification models (CM), i.e. linear discriminant 

analysis (LDA), binary logistic regression (BLR) and classification tree (CT) analysis, 

for predicting the presence or absence of eye irritation. The different methods were 

applied to a dataset of 119 organic liquids classified as I or NI according to EU 

classification criteria. The CMs were developed by applying LDA, BLR, and CT 

analyses, using a single predictor variable (molecular weight), and assigning equal 

probabilities for the two classes (I/NI). The cut-off values below which a chemical 

should be predicted to be irritating to the eye were 121, 77, and 137 g/mol, in the 

LDA, BLR, and CT classification models, respectively (Table 21). Although all the 

statistical techniques yielded comparable models, with concordances between 61 and 

76%, the most appropriate model was developed by the non-parametric CT analysis, 

since the assumptions of LDA and BLR had not been met. Some differences outlined 

for the three methods were that: a) LDA and BLR make a number of assumptions 

about the underlying data, whereas CT analysis is a non-parametric technique; b) 
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LDA and BLR can be used to generate a distinct probability of group membership for 

individual chemicals, whereas CT analysis only produces average probabilities for the 

different groups; c) LDA and BLR use all (statistically significant) predictor variables 

simultaneously in the model, whilst CT analysis uses the predictor variables in a 

hierarchical and recursive manner; d) LDA and BLR models assign all objects to a 

pre-defined group in a single step, whereas CT have the flexibility of assigning the 

objects in one or more steps.  

 

Table 21. Classification results of the different models of eye irritancy.  

CM (p<0.01) Cut-off value Sensitivity Specificity Accuracy 

Linear Discriminant 
Analysis (LDA) 

if MW  121 g/mol, then predict 
I; otherwise, predict NI 73 62 65 

Binary Logistic 
Regression (BLR) 

if MW  77 g/mol, then predict 
I; otherwise, predict NI 27 93 76 

Classification Tree 
(CT) 

if MW  137 g/mol, then predict 
I; otherwise, predict NI 97 49 61 

 

Following the same PCA approach used to assess skin irritation and skin corrosion 

[70], Barratt developed a series of “models” for eye irritation. He reported principal 

component analysis (PCA) able to discriminate between I and NI, among reduced 

series of neutral organic chemicals [92]-[93]. In the first paper [92], Barratt used a 

variation of the extended ECETOC dataset of neutral organic chemicals previously 

used by Cronin [88], composed of 46 compounds. The parameters used to model eye 

irritation potential, i.e. LogP, the minor principal inertial axes (Ry and Rz) and dipole 

moment (DM), were selected according to mechanistic considerations. The choice of 

DM as a reactivity parameter was based on the premise that low molecular-weight 

neutral molecules can alter electrical resistance and thus the ion permeability of cell 

membranes. It was hypothesised that changes in electrical resistance in the 

membranes of eye might lead to cytotoxicity and result in irritation. The choice of 

LogP and parameters accounting for molecular dimensions was based on the 

expectation that chemicals should be able to partition into the membrane and hence 

should possess appropriate hydrophobic/hydrophilic properties. All three principal 

inertial axes were used in the initial studies, but the size and shape parameters which 

gave the best discrimination were Ry and Rz, which model the cross-sectional area of 
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the long axis of molecules. The four descriptors were analysed by PCA. The plot of 

the first two PCs of the four parameters was able to discriminate between irritant and 

non-irritant chemicals in the dataset. Thus an eye irritant would be a chemical 

hydrophobic enough to allow partitioning into a biological membrane whilst also 

possessing a moderate dipole moment.  

To support the validity of the original four-parameter eye irritation model for neutral 

organic chemicals, the previous study of Barratt [92] was followed up by additional 

analyses [93]. In the latter study, the same descriptors used to predict the eye irritation 

potential of neutral organic chemicals (LogP, the minor principal inertial axes (Ry and 

Rz) and DM) were applied to a dataset of 34 aliphatic alcohols previously reported by 

Lipnick et al. [87], with measured eye irritation scores on an integer scale of 1-10. In 

addition, the previous dataset of neutral organic chemicals was extended to 57 

chemicals, including some aliphatic alcohols to increase the chemical parameter space 

covered by the prediction model. As in other studies [74]-[75], for the first dataset of 

aliphatic alcohols, back propagation NN analysis was carried out by using the four 

selected parameters as input, and using an integer scale from 1 to 10 for the eye 

irritation scores output. The most important variables turned out to be Rz and LogP, 

with the accuracy of the network being 97.27%. A plot of predicted values of the eye 

score against actual eye scores showed a strong correlation (r=0.9). However, despite 

this good fit, there was a notable uncertainty in the prediction of eye score values, 

possibly due to biological variability. For the extended dataset of 57 neutral organic 

chemicals and aliphatic alcohols used in the previous paper [92], PCA based on the 

same four physicochemical parameters concentrated 89.7% of the variance into the 

first two components, which showed a clear discrimination between irritant and non-

irritant chemicals. The dataset was also investigated by NN analysis, using the same 

inputs and an integer scale from 0 (for NI) to 1 (for I). The accuracy was 97.37%, 

with the dipole moment being the most important variable.  

Abraham et al. [94] used parameters derived from chromatography experiments to 

model a dataset comprising 38 of the 53 organic liquids previously analysed by 

Cronin et al. [88]. Subsequently, Abraham et al. [95]-[97] extended the dataset and 

studied the relationship between the mechanism of action in the Draize test and in 

humans. In Cronin et al. [88], it was concluded that the lack of success of the QSAR 

analysis was possibly due to varying mechanisms of toxic action of the different 
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chemical groups, and to the choice of descriptors. In the study by Abraham et al. [94], 

a transport-driven mechanism was hypothesised for the process of transfer of an 

irritant from the state of a pure organic liquid to a dilute solution in an organic solvent 

biophase (model for the biological structure of the eye). In order to obtain a response 

related to the transfer process, DES was related to the activity coefficient ( o), which 

is the equilibrium constant for the transport mechanism, by means of a vapour 

solubility in the solvent phase (L) and the saturated vapour pressure of the pure liquid 

(Po). The descriptors used for the QSAR model were compound (or solute) 

parameters: excess molar refraction (R2), polarizability/ dipolarity ( H
2 ), effective 

hydrogen bond acidity and basicity ( H
2  and H

2 ), and the logarithm of the 

vapour solubility in hexadecane (logL16). Two QSARs were modelled (Table 22). 

When using the DES, a very poor equation was obtained (r2=0.27). However, a 

reasonable correlation was achieved (r2=0.89) when using the modified log (DES/Po); 

the results improved with the removal of an outlier and the removal of a non-

significant descriptor (r2=0.95). On transforming the calculated log (DES/Po) values 

back to calculated DES, the correlation between log(DES) observed and calculated 

yielded a good agreement r2=0.77. 

Table 22. Goodness-of-fit of QSAR models for eye irritant pure organic liquids.  

N Descriptors r2 SD F 

38 0.894 0.46 54.0 

37 
log(DES/Po) vs R2, H

2 , H
2

, H
2  and logL16 

0.953 0.32 125.5 

37 log(DES/Po) vs H
2 , H

2
, H

2  and logL16 0.951 0.32 155.9 

37 log(DES) observed vs log(DES) calculated 0.771 0.30 117.6 

 

In a subsequent study, Abraham et al. [95] combined Draize eye scores (DES) and 

human eye irritation thresholds (EIT) into a single QSAR, assuming that the main 

feature of both in vivo responses was the transport of the compound into the biophase. 

They extended the original dataset of measured DES for 38 pure organic liquids with 

a dataset of 17 volatile organic compounds (VOC) for which EIT had been measured. 

The two scales of irritation, DES and EIT, were compared, establishing 0.66 

logarithmic units of difference. The models found in the previous study were re-

developed for the new extended dataset of 54 compounds (Table 23), obtaining 

r2=0.928 and r2=0.924 for the models with and without the R2 variable. Finally, EIT 
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scores were predicted from DES values, and they were compared with experimental 

EIT.  

 

Table 23. Goodness-of-fit of QSAR models for the eye irritancy of pure organic liquids. 

N. Descriptors r2 r2
cv SD F 

54 log(DES/Po) vs R2, H
2 , H

2
, H

2  and logL16 0.928 0.913 0.363 123.8 

54 log(DES/Po) vs H
2 , H

2 , H
2  and logL16 0.924 0.910 0.368 149.6 

 

In a more recent study, Abraham et al. [97] extended the connection between the eye 

irritation effects on rabbits (MMAS) modified by vapour pressure, and the effects on 

humans (EIT) [95]. They combined two different datasets into an extended dataset of 

91 compounds. The total dataset for 91 compounds was analysed by the same general 

solvation equation (Table 24). To establish the relationship between MMAS and EIT 

and to determine whether the two datasets were compatible, an indicator variable (I) 

to account for the dataset was set. The same model for eye irritation used in the first 

paper of the series [94] was re-developed, and a single QSAR covering a wide range 

of compound types fit the two sets with r2=0.94. When the equation was applied to 

the subset with calculated MMAS values, comparable statistics were obtained 

(r2=0.95). To test the predictive power of the model, the dataset was split into a 

training set of 45 compounds; the corresponding equation for the training set 

compounds (r2=0.921) was used to predict the remaining 46 test set compounds. The 

mechanistic assumption underlying this combined model was that rabbit DES and 

human EIT result from the passive transfer of the compound from the bulk liquid or 

the vapour phase to a biophase. This passive transfer is assumed to be non-specic, 

unless there is some particular interaction between the substituents for which there is a 

transfer from the biophase to a receptor. In such a case, the shape of a compound 

could be crucial, so to investigate whether QSARs might be improved by the 

inclusion of other types of descriptors, three shape descriptors were included by using 

an energy minimised conformation: three-dimensional volume (VG), the longest 

length of the minimum energy conformation (LG), and a shape descriptor that takes 

into account branching and the distance of atoms from a centre of gravity of a 

molecule (DPO1). The additional shape descriptors had almost no effect (r2=0.94). 



  41

 

Table 24. Goodness-of-fit of QSAR models for eye irritants. 

N. Descriptors r2 SD AD AAD F 

91 
log(DES/Po) vs R2, H

2 , H
2

, H
2 , 

logL16, I 
0.936 0.433 0.000 0.340 204.5 

68 
log(DES/Po) vs R2, H

2 , H
2

, H
2  

and logL16 
0.954 0.398 0.000 0.318 255.8 

45 
log(DES/Po) vs R2, H

2 , H
2

, H
2  

and logL16 – internal prediction 
0.921 0.469 0.000 0.354 74.0 

91 
log(DES/Po) vs R2, H

2 , H
2

, H
2 , 

logL16, I, DPO1, VG, LG 
0.941 0.422 0.000 0.334 144.0 

 AD: Average Deviation; AAD: Absolute Average Deviation 
 DPO1, VG, LG: shape descriptors 

 

 Kulkarni and Hopfinger developed a new approach, called Membrane-Interaction 

QSAR (MI-QSAR) analysis [98], which combines structure-based design techniques 

with the traditional QSAR paradigm. Molecular dynamic simulations (MDS) are used 

to generate membrane–solute interaction properties for the interaction of organic 

chemicals with model phospholipid membranes. This methodology allows 

investigating structurally diverse training sets using a genetic algorithm approach. MI-

QSAR was applied to the neutral organic chemicals within the ECETOC eye irritation 

dataset [99]. 

The seminal study of Kulkarni et al. [98] reports a MI-QSAR model based on a 

hypothesised mechanism of eye irritation and developed by using a diverse Draize eye 

irritation dataset of 38 compounds. Molecular dynamic simulation was used to 

generate intermolecular membrane-solute interaction properties. These intermolecular 

properties were combined with intramolecular physicochemical properties and 

features of the solute (irritant) to construct QSAR models by using multi-dimensional 

linear regression and the genetic function approximation (GFA) algorithm. The 

principal correlation descriptors, solute aqueous solvation free energy and solute-

membrane interaction energies, were selected from a trial set of 95 descriptors for 16 

structurally diverse compounds fully representative of the whole dataset (aliphatic and 

aromatic hydrocarbons, and aliphatic ketones, alcohols and acetates). A QSAR based 
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on three parameters (two energy terms and a topological index) showed a good fit 

(r2= 0.92). 

Kulkarni et al. [99] reported a second MI-QSAR study to predict molar-adjusted 

Draize scores for the ECETOC dataset of 38 structurally diverse compounds. The 

mechanistic hypothesis for eye irritation relied on the uptake and diffusion of an 

irritant into the keratocytes of the corneal epithelium. Thus, uptake and interaction of 

each solute molecule with a model phospholipid membrane were simulated. The 

membrane-solute and solute-solvent intermolecular interaction properties estimated 

from molecular simulations were added to intramolecular physicochemical property 

descriptors to provide an extended set of descriptors. Thus, the descriptors used were 

physicochemical parameters associated with the solute molecule and with the 

proposed receptor (intramolecular properties), as well as parameters describing the 

interaction between both (intermolecular solute-membrane properties). Linear MI-

QSAR models for the 38 compounds were built including the outliers from the 

previous study [98] (Table 25); the MES was correlated with the aqueous solvation 

free energy, and additively with the electrostatic solute-membrane interaction energy, 

obtaining r2=0.15 for both cases. In contrast, a GFA parabolic non-linear model based 

on the previous descriptors, Van der Waals solute-membrane interaction energy, and 

octanol solvation free energy, yielded r2=0.78. However, when removing the only 

two irritants from the model, a good-linear MI-QSAR model (r2=0.71) could be 

achieved. Eye irritancy was predicted to increase with the aqueous solubility of the 

molecule, with the binding energy of the solute to the phospholipid regions of the 

membrane, and with LUMO (as reactivity increases). 
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Table 25. Goodness-of-fit and robustness of the linear and non-linear MI-QSAR models for eye 

irritants. 

Model N. Model r2 r2
cv LSE 

Linear 38 OHFMES 218.077.1  0.15 –0.18 6.40 

Linear 38 OHFchgEMES 218.0004.074.1  0.15 –0.20 6.30 

Non-
linear 
GFA 

38 
22

22
2

05.013.09.3)(01.0

5.4)(05.05.606.076.1

LUMOchgEvdwE

OCTFOHFMES

 
0.78 0.73 

1.52 
(F=32.4) 

Linear 36 LUMOOHFvdwchgEMES 39.048.001.066.0 2  0.71 0.65 
1.15 
(F=38.9) 

vdwchgEvdwEOCTFchgEOHF ),(),(,,2 : intermolecular solute-membrane interaction descriptors 

 

A more recent MI-QSAR study has been published by Li et al. [100]. QSAR models 

were developed to predict drug permeability coefficients across cornea and its 

component layers (epithelium, stroma, and endothelium). From a training set of 25 

structurally diverse drugs, QSAR models were constructed and compared for the 

permeability of the component layers. Cornea permeability was found to be dependent 

on the measured distribution coefficient, the cohesive energy of the drug, the total 

potential energy of the drug-membrane "complex" and three other energy refinement 

descriptor terms. The endothelium might be a more important barrier in cornea 

permeation than the stroma. Thirteen structurally diverse drugs, whose molar-adjusted 

eye irritation scores (MES) were measured by using the Draize test, were chosen as an 

eye irritation comparison set. A poor correlation (r2= 0.02) between the measured 

MES and the predicted cornea permeability coefficients for the drugs in the eye 

irritation set suggested there was no significant relationship between eye irritation 

potency and the corneal permeability. 

Patel [101] reported a method that considers mixtures of chemicals, called 

Quantitative Component Analysis of Mixtures (QCAM). The QCAM method was 

used to analyze an existing set of product formulation data to determine if the 

irritating ingredients in the mixtures could be identified [101]. Four eye irritation 

scores, based on a rat model, were analysed by QCAM for 18 mixtures having a 

composite total of 37 components. QCAM permits the construction of quantitative 

models for extracting the individual toxicity profile of each of the components of a 

mixture from knowledge of their relative concentrations and the net toxicity of the 

entire mixture. Thus, QCAM relates a net toxicity measure of a mixture to the 
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toxicities of the individual components through linear, quadratic, and pairwise cross-

component concentration-dependent interactions. A correlation model was established 

by using a genetic function approximation (GFA) algorithm employing either 

multidimensional linear regression (MLR) or partial least-squares (PLS) regression. A 

correlation analysis of the eye irritation scores was carried out (Table 26). Each of the 

standard deviations (SD) was correlated with its respective mean value (MV): cornea 

and average SD correlated significantly with MV, and the larger the MV (greater eye 

irritation score), the larger the SD. This indicated that corneal and average eye 

irritation scores define NI compounds. Linear correlation equations between eye 

irritation scores and selected components (Table 27) showed that corneal eye irritation 

and average eye irritation are well-explained in terms of a linear model containing, at 

most, three components over the set of mixtures (r2= 0.83). It was also found that 

extensive cornea and average eye irritations were due to only one of these three 

components of the mixtures. In addition, one of the three significant components was 

predicted to decrease the extent of eye irritation, and subsequently identified as an 

anti-irritant in contact lens solutions. A reasonable linear correlation model could also 

be developed for conjunctival irritation, but no significant iris irritation model could 

be constructed. The addition of quadratic and/or cross-component concentration terms 

to a linear correlation model did not statistically improve the overall resultant model. 

The QCAM models permitted estimation of the intrinsic (self) toxicity of each of the 

components of a mixture. 
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Table 26. Linear Correlations between Standard Deviations (SD) and Mean Values (MV) for four 

eye irritation scores. 

Eye irritation scores Linear Equations r2 

Cornea SD = 0.81MV – 1.2 0.91 

Iris SD = 0.17MV – 1.1 0.08 

Conjunctiva   SD = – 0.03MV + 0.3 0.26 

Average SD = 0.77MV – 3.8 0.90 

SD: Standard Deviation; MV: Mean Value 

 

Table 27. Goodness-of-fit and robustness of QCAM models for eye irritation.  

Cornea Irritation 
Scores 

Iris Irritation 
Scores 

Conjunctiva 
Irritation Scores 

Average Eye 
Irritation Scores N. components 

r2 r2
cv r2 r2

cv r2 r2
cv r2 r2

cv 

1 0.71 0.60 0.23 0.09 0.52 0.41 0.74 0.65 

2 0.83 0.74 0.42 0.29 0.63 0.36 0.84 0.77 

3 0.88 0.83 0.62 0.10 0.71 0.38 0.88 0.81 

 

Patlewicz et al. [102] used a non-linear neural network (NN) analysis applied to 

cationic surfactants (Hayashi et al. also reported a QSAR for surfactants [103]). They 

reported a non-linear QSAR model based on 29 in vivo rabbit eye irritation tests for 

19 different cationic surfactants, and derived by back propagation NN analysis [102]. 

The parameters used were LogP and molecular volume to model the partitioning of 

the surfactants into the membranes of the eye; the logarithm of the critical micelle 

concentration (logCMC), which is a measure of the reactivity of the surfactants with 

the eye; and surfactant concentration. MAS scores showed strongly positive, non-

linear correlations with surfactant concentration, and logCMC showed a strongly 

negative, non-linear correlation with LogP. The accuracy of the NN was 91.18%, 

while the Pearson correlation between the actual and predicted values of MAS was 

0.838, showing that around 70% (r2=0.702) of the variance in the dataset was 

explained by the model.  

Patlewicz et al. [104] also proposed a refined QSAR model for prediction of MAS, 

using the same cationic surfactant dataset. In this case, the non-linear approach used 

was a Bayesian neural network (BNN) that provided a robust and accurate model 

(r2=0.89). The model was used to explore the relationship between MAS score and 
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molecular properties. The simulated results were used to identify the range of 

molecular properties of potential molecules with a probability greater than 75% of 

causing more than mild irritancy. Within the parameter space of the model, the 

probability of causing severe irritation was highest for molecules with 320MV  Å3, 

and contained within the following ranges: 14  P log 2- , and 3  CMC log 6- . 
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4. Alternative test methods  

An alternative method is any method used to replace, reduce or refine (3 Rs) the use 

of animal testing methods for hazard and risk assessment. In relation to alternative 

methods, Council Directive 86/609/EEC states that “An experiment shall not be 

performed if another scientifically satisfactory method of obtaining the result sought, 

not entailing the use of an animal, is reasonably and practicably available” [105]. 

The objectives of this directive are to diminish the number of materials needing any 

animal testing, to decrease the number of animals per test, to minimize animal 

distress, to decrease ancillary testing and to ensure development of information 

suitable for hazard classification.  

Annex XI of REACH describes possibilities for waiving testing requirements, on the 

basis of exposure considerations, the use of existing data, (Q)SARs and chemical 

grouping, and in vitro tests in order to minimise the need for animal testing [10].  

4.1. Use of existing data 

The use of existing data includes the use of data on physicochemical properties, 

human and animal data, and non-guideline studies. Concerning the use of existing 

human data, an assessment of available human data is requested for all toxicological 

endpoints, including skin irritation/corrosion, and eye irritation. In addition, Annex XI 

states that historical human data, such as epidemiological studies on exposed 

populations, accidental or occupational exposure data and clinical studies, shall be 

considered.  

In addition, articles from peer-reviewed literature as well as study reports from 

companies can constitute a resource for the safety evaluation of chemicals and 

substances.  

4.2. In vitro methods 

The number of stand-alone in vitro tests that have been validated and incorporated 

into an official test guideline, replacing an in vivo procedure, is limited. Recently, 

OECD test guidelines based on the use of in vitro tests on skin corrosion were 

adopted. In these cases in vitro methods may be used to replace the animal testing 
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currently required for hazard and risk assessment. For ocular and dermal irritation 

several well-studied in vitro tests are available [106]- [108] but none of them has yet 

been formally validated or adopted as an OECD guideline.  

Although the in vitro tests have not been formally included in OECD test guidelines, 

positive results obtained in several non-adopted in vitro tests for eye irritation are 

often considered sufficient for classification and labelling. In other cases, in vitro tests 

provide supplementary information, which may be used in interpretation of the 

relevance for humans of data from animal studies or for a better understanding of the 

toxicological mechanism of action of the substance. In addition, they are used in 

tiered testing strategies and weight of evidence approaches, in order to reduce the 

need to test further or to reduce the number of animals needed at a final confirmatory 

stage.  

4.2.1. Skin Irritation  

In vitro alternatives vary from simple models such as keratinocyte cultures to more 

complex organotypic cultures and reconstituted human skin models. Although a 

number of in vitro alternatives have been proposed in the literature, to date there are 

no validated in vitro tests for predicting acute skin irritation and for replacing the 

classical Draize test [1]. Several prevalidation efforts on in vitro methods have been 

published [109]-[112]. In these studies, some of the more promising in vitro methods 

have been evaluated: EpiDerm™, EPISKIN™, PREDISKIN™, the non-perfused pig 

ear model, and the in vitro mouse skin integrity function test (SIFT). As a follow-up 

to these prevalidation efforts, an ECVAM validation study should be completed 

during 2006. Two tests (EpiDerm and EPISKIN) are being validated for the purpose 

of classification and labelling on the basis of skin irritation.  

At present there is no OECD TG for in vitro skin irritation. Until validated in vitro 

tests for skin irritation are available or guidance is provided on the use of non-adopted 

tests, in vivo skin irritation tests should be performed to meet the information 

requirements in the REACH proposal. However, it is foreseen that suitable in vitro 

tests could be used for identifying positives (skin irritants).  
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4.2.2. Skin Corrosion 

The traditional animal test used in the past to assess skin corrosion has been replaced 

by alternative in vitro validated methods [71],[112]-[114], which have been included 

in Annex V of the Dangerous Substances Directive [2]. These are the in vitro skin 

corrosion rat skin transcutaneous electrical resistance (TER) test, which uses excised 

rat skin as a test system and its electrical resistance as an endpoint; and the human 

skin models such as EpiDermTM and EPISKINTM, which are reconstructed human 

epidermal equivalents and use the cell viability as an endpoint. OECD TGs for in vitro 

skin corrosion testing have also been adopted [31],[34]-[35]. 

4.2.3. Eye Irritation / Corrosion 

The Draize eye irritation tests has been criticised for animal welfare reasons and 

scientific reasons, including the subjectivity in allocation of the response and 

differences in sensitivity to tested substances between the rabbit and man [115]-[122]. 

Some modifications have been proposed to reduce the pain endured by the animal and 

achieve higher rates of recovery, such as the low volume eye test (LVET), where only 

a tenth of the sample volume used in the standard Draize test is applied to the rabbit's 

cornea and the eyes are not held shut after instillation of the test material.  

In vitro methods for eye irritation comprise organotypic models such as isolated eyes 

or components thereof, tissue and cell culture systems and physicochemical tests. 

Several in vitro validation studies to identify alternative tests capable of replacing the 

Draize rabbit eye irritation test have taken place, e.g. the EC/HO study [115], and the 

COLIPA study [116]. Although no test was found capable of replacing the Draize 

rabbit eye test, some of the assays showed considerable promise as screens for ocular 

irritancy [120]-[121].  

At present there is no OECD TG based on the use of in vitro eye irritation tests. Until 

validated in vitro tests are available, it was agreed at the 64th Competent Authority 

(CA) meeting in November 2002 that a substance can be considered a severe eye 

irritant (R41) if it gives a positive result in one of several non validated in vitro tests, 

whilst negative results require confirmation by further testing in vivo. The same 

approach is expressed by Annex XI of the proposed REACH legislation. Promising 

non validated in vitro eye irritation tests include: two isolated organ-based methods 

(Bovine Corneal Opacity and Permeability (BCOP) test, Chicken Enucleated Eye Test 
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(CEET)); an organotypic method (Hen's Egg Test on the Chorio-Allantoic Membrane 

(HET-CAM)); and two tridimensional methods (EpiOcular™ and in vitro 

reconstituted Human Corneal Epithelium model (HCE)).  
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5. Expert Systems 

Expert systems are computer programs that guide hazard assessment and that are able 

to predict toxicity endpoints of certain chemical structures based on the available 

information. These systems can be used to provide an indication of the potential toxic 

activity of chemicals, for either screening or assessment purposes. Expert systems for 

the prediction of chemical toxicity are built upon experimental data representing one 

or more toxic manifestations of chemicals in biological systems (database), and/or 

rules derived from such data (rulebase). Ideally, an expert system should be heuristic 

(able to reason both with theories and with expert knowledge); transparent (able to 

motivate the line of reasoning); and flexible (able to integrate new knowledge into the 

existing base).  

Expert systems are used to make predictions on the basis of prior information, and in 

some cases mimic the ways in which groups of human experts solve problems. They 

are either knowledge-based systems, which use specific rules to relate existing 

physicochemical properties to specific toxicity endpoints, or automated rule induction 

systems, which aim to discover patterns within data.  

Some of the more commonly used expert systems to predict skin and eye irritation 

and corrosion are included in the OECD's Database on Chemical Risk Assessment 

Models [123]. Several reviews make comparative analyses of different expert systems 

[124]-[132]. The paper by Hulzebos et al. [132] assesses the results of three expert 

systems by applying the OECD Principles for (Q)SAR Validation.  

The most widely used expert systems for assessing irritation and corrosion are the 

BfR-DSS, DEREK for Windows (DEREKfW), MULTICASE, and TOPKAT, and 

will be described in the following sections.  

Within a rulebase, rules can be based on different approaches: explicit rules derived 

from knowledge and human expert judgement (expert rules and knowledge-based 

rules); and rules based on mathematical induction (induced rules), i.e. rules derived by 

statistical correlation. Induced rules have the advantage of extending existing 

knowledge without being biased toward particular mechanisms of toxic action; 

however, they can be empirical relationships devoid of biological meaning. In 

contrast, expert rules or knowledge-based rules are likely to have a mechanistic basis, 

but they are expressions of existing knowledge rather than of new knowledge. 
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Typically, (Q)SARs are induced rules, whereas expert rules are often based on 

reactive chemistry. An expert system based on entirely expert rules is referred to as a 

knowledge-based system (e.g. BfR-DSS, and DEREK), whereas a system based on 

induced rules is called an automated rule-induction system or a correlative system 

(e.g. MultiCASE and TOPKAT) [127]. Table 28 summarises the main characteristics 

of these expert systems [123]. 
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Table 28. Characteristics of DSS that model skin and eye irritation. 

Features BfR – DSS DEREK HazardExpert MultiCASE TOPKAT 

Model Name Decision Support System 
(DSS) for Local Lesions DEREK HazardExpert MCASE, MC4PC, 

TOXPC, META TOPKAT 

Developer / Supplier (German) Federal Institute 
for Risk Assessment LHASA Ltd. CompuDrug Ltd. MultiCASE Inc. Accelrys Inc. 

Country Germany United Kingdom Hungary United States United States 

Type of Hazard 
information 
Provided 

Qualitative  
Categorical  

Qualitative  
 

Qualitative  
 

Qualitative  
Quantitative  
Range 
Point estimate  
Categorical  

Qualitative  
Quantitative  
 
Point estimate 

Model Approach SARs SARs SARs / QSARs 

QSARs 
Deterministic or 
probabilistic 
Artificial intelligence 
expert system 

QSPR/QSAR 
(Optimum Prediction 
Space (OPS)) 

Model Applicability 
(Inside) 

Organic compounds (with 
purity >95%) 
Organic salts 

Industrial chemicals 
Can not evaluate  

Organic compounds 
Small molecules; 
Organic compounds 

Organic molecules 

Model Applicability 
(Outside) 

Inorganic substances; 
Organic chelates; Diluted 
substances; Mixtures 

No physicochemical 
properties;  
No rank chemicals by 
activity;  
No 3D information 
Pharmaceuticals; 
Peptides and Protein; 
Molecules >200 atoms 
 

Inorganic compounds 

Availability or low 
chemical diversity of 
datasets 
Salts;  
Metallorganics;  
Polymers;  
Mixtures. 

Organometallics; 
Inorganics 

Model Format 
(Computerised or 
not ) 

Computerised algorithms 
No searchable database 
Computerised model 

Computerised 
algorithms 
No searchable database 
Defaults and 
assumptions are 
provided for the user 
Computerised model 

Computerised 
algorithms 
Searchable database 
Conditions are defined 
by the user  
Computerised model 

Computerised 
algorithms 
Searchable database 
Defaults and 
assumptions selected / 
by default 

Computerised 
algorithms 
Defaults and 
assumptions provided 
(inflexible) 
Searchable database 
Computerised model 

Input 

Structural and empirical 
formulas, melting point, 
molecular weight, aqueous 
solubility, octanol/water 
partition coefficient.  
Lipid solubility, surface 
activity and pH, vapour 
pressure 

Structural information 
(MOL,SDF, ISIS files). Graphical interface 

Chemical structures 
(SMILES codes, MOL 
files, SDF files) 

Molecular structure 
(SMILES strings or SD 
files) 

Output 

EU risk phrases for skin 
corrosion or serious 
damage to eyes; 
Further requirements of in 
vivo testing 

Toxicophore (i.e. 
substituent with 
potential toxic effect), 
pertinent endpoint and 
literature references 

Toxicophores and 
substructures causing 
modulatory effects; 
Physicochemical 
parameters 

Predicted activity, 
rational for conclusions 
and documentation 

In formation on the 16 
Physical, Chemical, 
Fate, and Hazard 
endpoints; 
Rabbit Skin Irritancy; 
Eye Irritancy 

Evaluation / 
Validation of Model 

Evaluated with measured 
data; 
Validated using 400 
datasets 

Evaluated by several 
companies using in-
house experimental data 
Peer-reviewed 
evaluation and 
validation 

Evaluated in the 
literaure 

Validated using multiple 
10%-off and recreation 
of model 

Evaluated with 
measured data; 
Validated using "leave-
one out" cross-
validation  

Model Availability Non-proprietary, but not 
yet publicly available Proprietary Proprietary Proprietary Proprietary 
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5.1. BfR Decision Support System 

The German Federal Institute for Risk Assessment (BfR), which is the former Federal 

Institute for Health Protection of Consumers and Veterinary Medicine (BgVV), has 

developed a Decision Support System (DSS) for predicting local lesions. It is used to 

assess chemicals for skin/eye irritation/corrosion potential in support of regulatory 

decisions (e.g. on classification and labelling). The new substances data within the 

database were derived by using standardised test protocols and were evaluated by 

regulators. The system also recommends when a specific alternative test should be 

used and/or when to conduct an animal test.  

The DSS provides categorical predictions of hazard. The predictions are based on the 

physicochemical data of the query chemical, by applying physicochemical exclusion 

rules, and on the structural formula of the chemical, by applying structural inclusion 

rules (i.e. SARs).. The system evaluates the irritation/corrosion caused by single 

contact of a chemical with skin and/or eyes. The DSS predict whether a chemical: a) 

is likely to cause serious damage or corrosive effects (in which case no testing should 

be necessary); b) might have corrosive effects (in which case in vitro testing is 

recommended); or c) is unlikely to produce any effect or only marginal effects (in 

which case, animal testing may be necessary to confirm the negative prediction). The 

DSS applies the appropriate EU risk phrase according to EU regulations, providing 

reliable data for legal classification and labelling.  

The system can be applied to evaluate organic compounds with structural formulae 

including only atoms of carbon, hydrogen, oxygen, nitrogen, sulphur, phosphorus, 

silicon and halogens. Structural formulae of organic salts can also be evaluated. 

However, inorganic substances, organic chelates, diluted substances, and mixtures 

cannot be dealt with. 

A number of papers on the BfR-DSS have been reported by the same group 

[80],[133]-[139], focusing on the different aspects of the expert system, including the 

development of a relational database [134], the one-dimensional representation of 

molecular structures [135], the creation of the rulebase [137] (physicochemical 

property limit rules [138], and structural alerts [139]), the application of self-learning 

classifiers [136], and the skin irritation corrosion rules estimation tool (SICRET) [80]. 
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Database. A computerised database was developed from datasets based on 

toxicological test protocols relating to substance properties responsible for skin and 

eye irritation/corrosion [134]. The electronic relational database contains 

physicochemical and toxicological data for more than 1,000 proprietary chemical 

substances with purity > 95% submitted according to the EU Notification of New 

Substances procedure and the German Chemical Substances act [136]. Eleven of the 

physicochemical parameters of this database were used to construct the DSS: specific 

particular substructures within the structural formula; pH value of a saturated aqueous 

solution at 20º; molecular weight (MW); aqueous solubility at 20º; hydrolytic 

properties; lipid solubility at 37º; n-octanol water partition coefficient at 20º; melting 

point; boiling point at atmospheric pressure; surface tension of a saturated aqueous 

solution at 20º; and vapour pressure at 20º. The overall toxicological assessments of 

local corrosive or irritant properties of a chemical substance are represented within the 

database by risk EU phrases for skin and eye irritancy/corrosivity. The exclusion rules 

were developed by using only measured values of the physicochemical data, and the 

structural rules were based on the neighbourhood relations of atoms within the 

structural formula without any mechanistic hypothesis.  

Representation of molecular structures. The computer-based method used to 

analyse and interpret structural formulae characterising chemical molecules from one-

dimensional representations applies recursive principles and identifies partial 

isomorphic graphs [135].  

Rulebase rationale. In order to develop the DSS that uses information extracted from 

a database, chemical groups were categorised on the basis of their empirical formulae. 

Reactive chemical substructures relevant to the formation of local lesions and rules 

for the prediction of the absence of skin irritation potential were then identified. In the 

evaluation of physical data, relationships were established between local 

irritation/corrosion and physicochemical properties.  

Two types of rules can be clearly differentiated: 

Physicochemical exclusion rules. The data were examined by applying statistical 

software and correlations were established between the measured physicochemical 

properties and the toxicological endpoints of skin/eye irritation/corrosion. The rules 

were checked against all data in the database. The rules were implemented as 

exclusion rules of the kind:  
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IF (physicochemical property) A THEN not (toxic) Effect B  

(Example: IF MW> 1200 g/mol THEN no effect or only marginal effects to the skin 

are expected) 

The examination of all the physicochemical parameters led to the definition of 

physicochemical exclusion rules, derived from the combination of a single 

physicochemical parameter and a particular substructure that serves to subdivide the 

total of all chemical substances into different chemical classes. The process of 

prediction was made reliable by covering most chemicals by more than one exclusion 

rule; i.e. only the rules which covered at least four chemicals were accepted.  

More recently, limit values for specific physicochemical properties that are 

appropriate for identifying chemical substances that have no skin irritation or 

corrosion potential have been described within clearly defined chemical groups. For 

skin irritation/corrosion, the physicochemical rules have been updated by evaluating a 

regulatory (confidential) database compiled with data submitted within German as 

well as within EU chemicals regulations made of 1833 chemicals [138]. The 

physicochemical properties include melting point, molecular weight, octanol-water 

partition coefficient, surface tension, vapour pressure, aqueous solubility and lipid 

solubility. Physicochemical properties limit values were defined to determine that 

when the physicochemical properties for a chemical were either greater or smaller 

than these limits the chemical would have no skin irritation or corrosion potential. The 

application domains of these limits were constructed to correspond with the EU R-

phrases for chemicals classified for skin irritation/corrosion, in order to facilitate 

classification and labelling.  

Structural inclusion rules. Substructures that might be responsible for severe 

damaging effects caused by chemicals to skin and eyes were detected. Structural 

inclusion rules were derived from correlations between specific local effects and the 

submitted structural formulae in the form:  

IF (substructure) A THEN Effect B  

(Example: IF (phenol) THEN “corrosive”) 

These rules are statistically and chemically motivated. In order to make the prediction 

process more reliable, nearly a quarter of the labelled chemicals were covered by 

more than one exception rule. To ensure the validity of structural rules, they were 

cross- checked against the whole database. 
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More recently, structural alerts for acute skin lesions were categorised as irritation or 

corrosion alerts or as a combination of corrosion/irritation alerts according to the 

mechanisms of action [139]. The rules, which were evaluated for causing skin 

irritation/corrosion by using 1654 substances, were also connected with 

physicochemical property limits and their domain of applicability was characterised.  

Combination of rules. The physicochemical exclusion rules and the structural rules 

should be used in combination to form a final prediction of the irritant and corrosive 

properties of a chemical to skin and eyes. To achieve this, the rules were divided into 

two parts, predicting: the irritant/corrosive properties to skin (R34/R35, R38, and no 

statement); and the irritant/corrosive properties to eyes (R36, R41, and no statement). 

The system predicts not only irritant or corrosive properties, but also whether a 

chemical exhibits no chemical irritation, or whether no prediction can be given if an 

insufficient result is obtained.  

The system is designed to avoid conflicting rules. To avoid the conflict of structural 

rules, the more-severe effect outweighs minor effects. Similarly, the exclusion rules 

themselves cannot conflict because they are defined to produce a unique result.  

Classifiers. Procedures for the extension of the DSS for the prediction of the local 

irritation/corrosion potential of chemicals by using self-learning classifiers were 

investigated [136]. Different approaches (decision trees, distance examinations in the 

multidimensional space, and k-nearest neighbour methods) have been implemented, 

tested and evaluated independently. A combination of all of the established extension 

approaches was also developed and tested. In contrast to knowledge-based expert 

systems, self-learning classifiers are automatically computed. Using these classifiers 

increased significantly the predictive power of the extended DSS; however, 

automatically calculated results of self-learning classifiers were not able to motivate 

the toxicological relevance of the results obtained, which was not considered adequate 

for regulatory hazard assessment purposes.  

Evaluation. To evaluate the DSS, it was trained with more than 1,000 substances and 

the resulting DSS prototype was evaluated within the current EU notification 

procedure by predicting local irritant/corrosive effects of new chemicals not included 

in the training set [133]. The results of this initial evaluation showed that the majority 

of the tested substances that cause skin corrosion (66.7%) were predicted by the 

SARs; a high percentage (20.8%) should be confirmed with a suitable in vitro method, 
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and thus a total of 87.5 % of all skin corrosive substances could be classified without 

animal testing. The “no statement” rate was 8.3%. For the prediction of serious 

damage to eyes the prediction rates were similar; 73.7% of substances were correctly 

predicted to be causing serious eye damage. The no statement rate was 21.1% but the 

false prediction rate was low (1.8%). 

Recently, evaluations of the DSS physicochemical exclusion rules according to the 

OECD principles for (Q)SAR validation were reported. Skin irritation and corrosion 

physicochemical property limits have been evaluated by RIVM [140], whilst skin 

irritation and corrosion has been assessed by ECB [141]. Assessment of the structural 

inclusion rules has also been carried out by ECB [142]-[143].  

SICRET. The Skin Irritation Corrosion Rules Estimation Tool (SICRET) [80] is a 

tiered approach that uses physicochemical property limits, structural alerts and in vitro 

tests to identify and classify chemicals that cause skin irritation or skin corrosion 

without animal testing. SICRET uses physicochemical property limits to identify 

chemicals with no skin corrosion or skin irritation potential; if the exclusion 

physicochemical rules do not identify the chemicals with no skin corrosion or skin 

irritation potential, then the structural alerts are used to identify chemicals with skin 

corrosion or skin irritation potential. If a chemical does not contain structural alerts 

that indicate it has skin corrosion or skin irritation potential, then in vitro skin 

corrosion or skin irritation testing is evaluated. If the in vitro test is positive, then the 

data are included in feedback loops for development of new structural alerts to 

identify chemicals with skin corrosion or skin irritation potential. If the in vitro test is 

negative then the data are included in feedback loops for development of new 

physicochemical property limits to identify chemicals with no skin corrosion or skin 

irritation potential.  

SICRET is a tiered approach that it has been proposed to complement the current 

OECD skin corrosion and skin irritation testing strategy as described in TG 404 for 

acute dermal irritation/corrosion [39]. A significant difference between SICRET and 

the strategy described in the OECD TG 404 is that the former only uses information 

from in vitro tests, whereas the latter also uses in vivo tests information. Although the 

in vitro corrosion testing proposed by SICRET has been adopted by the OECD 

member states, in-vitro skin irritation tests have not been yet validated. After the 

external validation of the physicochemical property limits and the structural alerts, 
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SICRET software will be coded to allow users determining whether a chemical is 

likely to cause either skin irritation or skin corrosion by providing a probability.  

5.2. DEREK 

 The DEREK system, originally referring to the “Deductive Estimation of Risk from 

Existing Knowledge”, [144]-[148] is a computer and knowledge-based expert system 

developed by LHASA (Logic and Heuristics Applied to Synthetic Analysis) Ltd and 

its members at the School of Chemistry, University of Leeds, UK. The software 

running under Windows is called DEREK for Windows and abbreviated as 

DEREKfw. 

DEREK is used for the qualitative prediction of possible toxic action of compounds 

on the basis of their chemical structure. The system contains a number of structural 

rules that allow the identification of the structural features of a chemical that may 

result in the manifestation of toxicity. These structural rules aim to encode structure-

toxicity information with an emphasis on mechanisms. It includes 40 human health 

endpoints, mostly related to mammalian toxicity, i.e. mutagenicity, neurotoxicity, 

developmental toxicity, oncogenicity, skin sensitisation, and skin and eye irritancy 

and corrosivity. 

DEREK has several generic rulebases, based on sets of related chemicals rather than 

on specific chemicals, and derived from mechanistic organic chemistry. They consist 

of descriptions of molecular substructures (structural alerts), which have been 

associated with toxic endpoints on the basis of existing knowledge.  

To predict toxicity, the program checks whether any alerts within the query structure 

match previously characterised toxicophores (substructure with potential toxic effect) 

in the knowledge base. The reasoning engine then assesses the likelihood of a 

structure being toxic, and a message indicating the nature of the toxicological hazard 

is provided together with relevant literature references. There are nine levels of 

confidence: certain, probable, plausible, equivocal, doubted, improbable, impossible, 

open, contradicted. The reasoning model considers the following information: the 

toxicological endpoint, the alerts that match toxicophores in the query structure, the 

physicochemical property values calculated for the query structure, and the presence 

of an exact match between the query structure and a supporting example within the 

knowledge base. The presence of several toxicophores in the molecule means that 
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there is a greater risk, but the additivity of the risks is decided by the user. Structures 

can be drawn directly on a computer graphics terminal or automatically retrieved from 

an in-house database. The output of the model provides the identification of the 

toxicophore together with the endpoint prediction and literature references. 

Some limitations of the model are that physicochemical properties cannot be included, 

compounds cannot be ranked according to their activity because quantitative 

information is not available, metabolic aspects are not uniformly realised in the 

models, and three-dimensional information is not considered. The model cannot 

evaluate peptides or proteins. The internal performance of the system is biased 

towards positive structural alerts. 

This rule-based system is used for research purposes, and to estimate human health 

hazard. Since DEREK is rule based, it relies on experimental data, and it has been 

tested and evaluated by several companies using in-house experimental data. 

Validation exercises have been carried out by using as input a class of specified test 

structures with a known toxicophore. The criteria for the validation were whether the 

program was able to detect them. However, external validation exercises have been 

limited because, as the data are proprietary, the test set can contain chemicals of the 

training set. Only a few external validations for skin and eye irritation and corrosion 

potential in DEREK have been published [127],[132],[147].  

The DEREK rulebase has nine rules for the prediction of irritancy; two rules are 

specific to eye irritancy, but none is specific to skin irritancy or corrosivity. To assess 

the performance of the DEREK rulebase, 300 chemical structures were assessed by 

using the irritancy information published in the EU classifications for new and 

existing chemicals, the ECETOC reference data banks for eye and skin irritation, and 

in vivo data [127]. Of the chemicals labelled as skin and eye irritants, which 

constituted distinct but overlapping subsets, 23% and 30%, respectively, were 

predicted to be irritants. Of the new chemicals not labelled as skin or eye irritants, 19 

out of 45 were predicted to be irritants. DEREK predicted 20-40% of the corrosive 

chemicals to be irritants. Thus, probably due to the fact that physicochemical 

properties are not taken into account, the sensitivity of DEREK for irritant and 

corrosive effects is low.  

The external performance of DEREK was assessed by predicting the irritancy of a 

number of chemicals not included in the DEREK training set [147]. DEREKfW 5.01 



  61

contains 248 structural fragments (toxicophores) and rules that identify adverse 

effects; 27 of the 248 toxicophores could be used to assess 54 randomly selected and 

new notified chemicals for which experimental data were available. DEREK predicted 

skin irritation for one out of 54 chemicals, but the rationale for selection of the 

toxicophore was not referenced. The 53 remaining experimental results were 

compared with structural fragments for corrosion/irritation derived from literature: 17 

fragments from the literature predicted corrosion/irritation, while 24 positive test 

results were found. The Cooper statistics yielded 14% false negatives, 45% 

specificity, 33% sensitivity; and 8% false positives. The authors, Hulzebos and 

Posthumus, concluded that DEREK identified irritation poorly, and when structural 

irritation fragments were included, the number of false negatives decreased.  

5.3. HazardExpert 

HazardExpert is a rule-based software tool developed by CompuDrug (CompuDrug 

Chemistry Ltd., Hungary) [149] for predicting the toxicity of organic compounds in 

humans and in animals [150]. HazardExpert predictions are based on known toxic 

fragments collected from in vivo experiments and reported by the US EPA. The 

knowledge base was developed based on the list of toxic fragments reported by more 

than 20 experts, but it can also be used as an open architecture knowledge base, where 

the user can add new fragments. The input of the rules can be performed by means of 

a graphical interface, and the toxicity estimation results are also displayed by a graph. 

It contains multiple toxicity endpoints combined with a capability for estimating 

toxicokinetic effects, such as bioaccumulation and bioavailability, on the basis of 

predicted physicochemical values. Human health hazard effects include oncogenicity, 

mutagenicity, teratogenicity, membrane-irritation, sensitisation, immunotoxicity, and 

neurotoxicity. The user defines the species, route of administration, dose level, and 

duration of exposure, and each endpoint is predicted as one of four levels of toxicity, 

taking into account the effects of bioavailability and bioaccumulation. Substructures 

which may exert a positive or negative modulatory effect are identified. In addition, 

several physicochemical parameters are calculated. 

HazardExpert works by searching the query structure for known toxicophores held in 

the literature-based knowledge base of toxic fragments. The identification of a 

toxicophore leads to estimates of the toxicity endpoints by triggering rules in the 
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knowledge-base. The rules describe toxic segments and their effects on various 

biological systems, and are based on the combined use of toxicological knowledge, 

expert judgement, QSAR models, and fuzzy logics (which simulates the effects of 

different exposure conditions). The system is also able to examine potential 

metabolites of a compound.  

An evaluation of HazardExpert has been published by Lewis et al. [151].  

5.4. MultiCASE 

The Computer Automated Structure Evaluation (CASE) program, upgraded to 

Multiple CASE (MultiCASE) [152]-[157], is an automated rule induction tool, based 

on an artificial intelligence expert system that is capable of automatically identifying 

molecular fragments likely to be relevant to the activity of molecules. It is also able to 

assess the importance of these fragments in relation to the potency of the molecules 

that contain them, without previous a priori assumptions or knowledge about the 

mechanism involved in the toxic phenomenon. No pre-classification of the chemicals 

is required with respect to chemical classes or nature of use.  

The program is been designed to find structural entities that discriminate between 

active molecules from inactive ones in non-congeneric datasets. It works by 

generating all possible substrates of a defined dimension in each compound and finds 

substructure characteristics of the toxic activity on the basis of the recurrence of the 

residue within the series of toxic compounds; similarly, inactivating structures are 

also identified. MultiCASE descriptors are automatically generated in an unbiased 

way. The molecule of interest is divided into chemical fragments of 2–10 heavy 

atoms, and a statistical distribution is performed to determine which fragments are 

biophores or biophobes, according to whether they are associated with the biological 

activity of interest, or no activity, respectively.  

This knowledge-based expert system has been used for both scientific and regulatory 

purposes by the Danish EPA, the US FDA, and Health Canada authorities.  

The knowledge base consists of a collection of empirically derived heuristics (rules of 

thumb) relating chemical structural features with the likely areas of toxic action, and 

an inference engine which is able to identify the structural features present in the 

target molecule and relate these to the information stored in the knowledge base. The 
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structural commonality between molecules is based on a global as well as local 

rational evaluation of their substructures rather than on a common substructure. 

MultiCASE is able to learn or update itself automatically from user data. It selects its 

own descriptors from the practically infinite number of possible structural assemblies 

and creates automatically an ad hoc library of fragments. It is able to deal with subtle 

geometrical differences, with the potency of fragments to cause toxicity (synergies), 

with logical analysis and hierarchical decision making.  

MultiCASE can be used to generate SARs and QSARs, in a deterministic or 

probabilistic way, providing qualitative and quantitative information, ranges and point 

estimates. The Bayesian MultiCASE has been used in the prediction of 

physicochemical and environmental fate properties, and in environmental and human 

health hazard effects, including mutagenicity, oncogenicity, reproductive, 

developmental and systemic toxicity, and skin and eye irritation [82],[84].  

MultiCASE requires a large number of high quality, heterogeneous biological data for 

the endpoint in question, covering a wide range of activity. The data are then 

converted by the CASE system into scalar units in the range of 10-99. For the creation 

and detection of structural alerts, the structure of each molecule is divided up into all 

possible fragments, starting from two heavy atoms. Statistical methods are then used 

to classify the fragments as biophores or biophobes. The fragments are then combined 

to give a QSAR equation. The output of the program provides the predicted activity, 

and a rationale for conclusions, together with documentation. 

The model is able to deal mainly with small organic molecules, but the application to 

salts, organometallics, polymers, and mixtures is limited.  

The model has been evaluated with measured data, and validated by using a leave-

many-out cross validation process for several endpoints [82], [84].  

5.5. TOPKAT 

TOxicity Prediction by C(K)omputer Assisted Technology (TOPKAT, Accelrys Inc.) 

[158]-[164] is a PC-based system for the in silico estimation of toxicological 

properties of compounds from their molecular structure. TOPKAT allows the 

prediction of physicochemical and environmental fate properties, and environmental 

and human health hazard effects, including mutagenicity, developmental and systemic 
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toxicity, oncogenicity, and rabbit skin and eye irritation. In particular, the TOPKAT 

models for skin [61] and eye irritation/corrosion [81] were developed by Enslein and 

have been updated successively.  

TOPKAT provides qualitative and quantitative information, and point estimates. 

TOPKAT QSPR/QSAR models are based on descriptors for electronic structure, 

connectivity, shape, and substructures. Substructure descriptors are selected from a 

library of about 3,000 molecular fragments. QSARs are derived using multiple 

regression equations for continuous endpoints, and two-group linear discriminant 

regression functions for dichotomous endpoints. It is a modular integrated package, 

each module consisting of a specific database and several chemical subclass QSAR 

models, which perform automatic rule induction. The system first scans the database 

for molecules with substructures overlapping with the query compound, and then it 

reports the fragments found. The accuracy of the toxicity assessment is estimated by a 

patented Optimum Prediction Space (OPS) technology that assesses whether or not 

the query compound is within the space defined by the training set of compounds, and 

the distance of the query structure from other compounds in the data base (degree of 

structural coverage). The predictions are based solely on physical chemistry, not 

biochemical mechanisms.  

TOPKAT generates a quantitative structure-toxicity relationship model (QSTR) for 

each toxicological endpoint, using two-dimensional descriptors of electrotopological 

state values (E-values), symmetry and shape descriptors. These descriptors describe 

the electronic, shape and symmetry attributes of the molecule. The output of the 

program is a point estimate of toxicity. The reliability of the estimated toxicity can be 

assessed by ascertaining whether all of the fragments of the query structure are 

represented in the database compounds that were used to develop the model, whether 

the submitted structure fits within, or near the periphery of the Optimum Prediction 

Space (OPS) of the equation, and whether the model accurately computes the 

experimental values of the data base compounds most similar to the query structure. 

In addition to the toxicity point estimate, the output also provides additional 

information that allows evaluation of the reliability of the prediction, including: 

fragment coverage of the dataset used to calculate the model with respect to the query 

compound presented for evaluation; query structure relationship to the Optimum 

Prediction Space as defined by the training dataset; probability scores which 
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contribute to identification of a degree of accuracy for the prediction; and literature 

references. 

Even if a considerable variety of structures have been included in each model in order 

to maximise the chemical space covered by the models, the limitations of the model 

are inevitably defined by the contents of the dataset used for the model development. 

For example, the program has some limitations in dealing with organometallics and 

inorganics.  

5.6. Other Expert Systems  

5.6.1. Cache  

The Computer-Aided Chemistry (CAChe) program [165]-[167] is a software tool 

developed by Fujitsu for creating new models to predict a number of physical, 

chemical, and biological properties, and for generating a wide range of descriptors for 

QSAR including quantum chemistry descriptors. CAChe includes the quantitative 

prediction of physicochemical and environmental fate properties, and environmental 

and human health hazard effects.  

CAChe is able to deal with either organic or inorganic molecules, and predicts both 

structure and properties. The input structures can be provided from X-ray data or in 

the form of standard database formats. It is able to dock molecules in reaction sites, 

and to perform conformational searches to identify structure-energy relationships. 

CAChe can provide a visualisation of reactive sites on molecules, and UV-Visible and 

IR spectra, which allow locating transition states and reaction intermediates. CAChe 

also includes tools for regression analysis, and the output information for the QSAR 

models includes correlation coefficients and cross validated statistics. 

One limitation of the model is that it is based on calibration data and statistical 

analysis results, and it is unable to deal with any organic or inorganic chemical 

containing elements up to Lawrencium.  

5.6.2. SuCCSES 

The Substructure-Based Computerized Chemical Selection Expert System 

(SuCCSES) [168] was developed to facilitate the US EPA review of large groups of 

chemicals with similar substructures and modes of action. SuCCSES has been 
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described previously [57],[169]-[173]. SuCCSES was developed based on historical 

information and expert opinions. Historical information was obtained from the US 

EPA’s InterAgency Testing Committee (ITC) scoring exercises performed from 1978 

to 1983. For health effects, numerous international experts were sent a questionnaire 

listing more than 100 different chemical substructures and were asked to predict 

(based on their toxicological expertise and knowledge of modes or mechanisms of 

action) the potential for chemicals containing any of the substructures to cause acute, 

chronic, mutagenic, carcinogenic, developmental, reproductive, or neurotoxic effects 

or membrane irritation. Opinions from these health effects experts were converted to 

codes that identified chemical substructures and indicated the potential of chemicals 

containing one or more substructures to cause specific health effects.  

The substructures in SuCCSES that were associated with membrane irritation were 

included in [58]. SuCCSES is applied in accordance with the ITC's statutory mandate 

to use SARs before the US EPA recommends chemicals for testing. SuCCSES is not 

publicly available because it contains confidential business information. 

5.6.3. OASIS 

OASIS is a database platform developed by the Laboratory of Mathematical 

Chemistry of University of Bourgas for developing three-dimensional QSAR (3D-

QSAR) models [174]-[176]. The system provides selection of active conformers as 

3D structure representatives, including options for conformation multiplication, and 

quantum-chemical optimisation. The system also assesses chemical similarity, taking 

account of the flexibility of chemical structures. Calculated steric, electronic and 

physicochemical descriptors of selected conformers can be calculated. The database 

stores a number of (Q)SAR models on environmental fate properties and 

environmental and human health effects, including the MultiCASE model for severe 

skin irritation. The output of the program assesses if the (Q)SAR predictions are 

inside or outside the applicability domain of the model. 

5.7. Integrated Testing Exercise  

An example of application of expert systems to the prediction of skin and eye 

irritation for the safety evaluation of new and existing chemicals has been reported in 

an integrated testing exercise [131]. The integrated approach consisted of the use of 
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existing non-animal data and the generation of alternative data by using in silico and 

in vitro methods. These methods were applied to ten substances listed on ELINCS and 

associated with a complete base-set. The hazard assessment for these substances was 

performed on the basis of available non-animal data, QSAR, PBBK-modelling and 

additional in vitro testing was applied to the following endpoints: acute sh toxicity, 

skin and eye irritation, acute oral, dermal and inhalatory toxicity, sensitisation, and 

systemic toxicity after repeated dosing. The predictions were compared with the 

outcome of the in vivo tests.  

The methods used for this endpoint were (Q)SARs using DEREKfw (v7.0) for the 

qualitative estimation, and TOPKAT (v6.1) for the quantitative prediction; and the in 

vitro BECAM assay. Skin and eye irritation predictions were based on (Q)SARs and 

the outcome of the BECAM test in a weight of evidence approach, assuming that any 

substance not irritating to the eyes was not irritating to the skin. After the predictions 

were made by the integrated method, they were made available to four expert groups, 

to check the bias of predictions. Experts associated a reliability score to their own 

predictions (from 0 to 5 in order of increasing reliability), and the scores were 

combined to calculate and overall prediction value. However, no record on the 

method of assessment of the endpoints by the experts was made. 

After the results of the in vivo tests for the 10 substances were released, two 

comparisons of the predicted values with the in vivo outcome were made: a direct 

comparison with the in vitro and in vivo predictions and a comparison with the overall 

prediction value from the expert predictions. When a predicted value (or predicted 

range) would lead to the same classication according to the in vivo data, a prediction 

was considered to be correct. Skin and eye irritation were correctly predicted in 70% 

of the cases, with one false negative for both endpoints. However, experts reached 9 

correct predictions in skin irritation and 8 correct predictions in eye irritation. For this 

endpoint, a test in one animal would be sufficient to confirm the results of the QSAR 

and in vitro assay (only if negative) and to prevent false negatives. This approach is 

similar to that promoted by the current OECD guidelines for skin and eye irritation. 
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6. Conclusions 

In this report, we have provided a detailed review of alternative approaches for 

assessing skin and eye irritation/corrosion based on the use of in silico methods 

(SARs, QSARs and expert systems). Literature-based models tend to be applicable to 

specific groups of chemicals, whereas expert systems tend to have broader 

applicability domains. Some of these systems are already well characterised (e.g. the 

BfR rulebases and the DEREK system) and may therefore be suitable for regulatory 

use.  

In general, we conclude that the further development, validation and documentation of 

in silico systems for local toxicity to the skin and eye are necessary. A considerable 

effort to promote the availability of valid (Q)SARs is already being carried out by the 

ECB [45]-[46]. This includes the need to present information on the characteristics of 

the models in a transparent way. At present, so-called “QSAR Model Reporting 

Formats” (QMRFs) are being developed for this purpose, and are being made 

available from the ECB website. 

The most effective approach is to integrate all appropriate information to make a 

weight-of-evidence-based assessment of the chemical hazard and risk. Integrated 

Testing Strategies combine all possible sources of information from (Q)SARs, expert 

systems, read-across and other grouping approaches, and test methods (especially in 

vitro tests). Current work within the context of one of the REACH-Implementation 

Projects (RIP 3.3-2) is developing tiered approaches for the assessment of skin and 

eye irritation/corrosion potential 

As increasing experience is gained in the regulatory use of (Q)SARs and expert 

systems, it is expected that specific research needs will be identified concerning the 

development of new, tailor-made models, specifically designed for inclusion within 

testing strategies. 
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Abstract 

This report reviews the state-of-the-art of in silico and in vitro methods for assessing 

dermal and ocular irritation and corrosion. Following a general introduction, the 

current EU legislation for the classification and labelling of chemicals causing 

irritation and corrosivity is summarised. Then currently available non-animal 

approaches are reviewed. The main alternative approaches to assess acute local toxic 

effects are: a) in silico approaches, including SARs, QSARs and expert systems 

integrating multiple approaches; and b) in vitro test methods. In this review, emphasis 

is placed on literature-based (Q)SAR models for skin and eye irritation and corrosion 

as well as computer-based expert systems.  
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