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Introduction 187 

1. Project 4.116 to develop a Guideline (GL) on Defined Approaches for Skin 188 

Sensitisation was added to the OECD Test Guidelines workplan in 2017.  Following 189 

a special session of the WNT in December 2017, an Expert Group on Defined 190 

Approaches for Skin Sensitisation (DASS), including experts in the area of 191 

Integrated Approaches for Testing and Assessment (IATAs), Defined Approaches 192 

(DAs), quantitative analyses, Quantitative Structure Activity Relationships 193 

(QSARs), and skin sensitisation, was convened in early 2018. A joint session of the 194 

OECD IATA Case Studies Project and the QSAR Toolbox Management Group was 195 

held in November 2018 to discuss issues related to QSAR data in Defined Approach 196 

Guidelines that would be covered under the Mutual Acceptance of Data (MAD).  A 197 

second face-to-face meeting of the DASS EG was held in December 2018.  Through 198 

teleconferences and written commenting, the Expert Group provided input on a 199 

framework for evaluating defined approaches (Annex C) and has applied the 200 

evaluation criteria to the DAs contained in this document.   The first set of relatively 201 

simple, rule-based DAs using validated OECD in chemico and in vitro test methods 202 

are under consideration for inclusion in a draft GL.   203 

2. This document supports a draft GL covering three DAs, i.e. the “2 out of 3”, the 204 

integrated testing strategy version 1 (ITSv1) and the integrated testing strategy 205 

version 2 (ITSv2).  These three DAs have been shown to either provide the same 206 

level of information or be more informative than the rodent Local Lymph Node 207 

Assay (LLNA; OECD TG 429) for hazard identification (i.e. sensitiser versus non-208 

sensitiser). In addition the ITSv1 and ITSv2 have been shown to provide useful 209 

information for potency subcategorization according to the EU GHS (category 1A, 210 

1B, NC). After discussion by the DASS EG in December 2018, it was decided that 211 

a fourth DA, the Sequential Testing Strategy (STS) developed by Kao and described 212 

in Guidance Document 256, Annex I/II (OECD, 2016a) was not optimal for 213 

inclusion in a GL at this time. The selection criteria for evaluation and inclusion in 214 

the GL of these initial DAs were 1) in vitro methods used in the DA were validated 215 

OECD Test Guideline methods, and 2) the DA relied on relatively simple, rule-based 216 

data interpretation procedures (DIP).  In some cases, the OECD Key Event Based 217 

Test Guidelines (TG 442C, 442D, and 442E) include other methodologically and 218 

functionally similar assays (i.e. “me too” methods) or assays that address the same 219 

key event endpoint.  However, only the test methods explicitly stated in this 220 

supporting document and associated draft Guideline are currently under 221 

consideration.  Though the other validated in vitro methods may perform equally, it 222 

will be the responsibility of the test method developers to demonstrate the suitability 223 

of the replacement in vitro method in the DAs.  224 

3. This supporting document includes information to support the validation and 225 

review of DASS under consideration for inclusion in the OECD GL on DA for Skin 226 

Sensitisation.  Information resulting from the application of the DAs contained in 227 

the final GL will be used to meet regulatory data requirements for skin sensitisation 228 

and will be covered under the agreement on the mutual acceptance of data (MAD).  229 

Much of the information included in this supporting document has been published 230 

previously in OECD Guidance Documents or in scientific journals.  The information 231 

for each DA has been organised to follow the Evaluation Framework (Annex A) for 232 
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evaluating the suitability of the DAs for inclusion in an OECD GL.  It should be 233 

noted that other DAs are available for predicting skin sensitisation hazard and 234 

potency, or for determining a point of departure for quantitative risk assessment, and 235 

though they are not presently included in the GL they may be added at a later stage 236 

following review and approval. 237 

4. The DAs described in this supporting document were originally described in 238 

Annex I: Case studies to the Guidance Document on the Reporting of Defined 239 

Approaches and Individual Information Sources to be Used within Integrated 240 

Approaches to Testing and Assessment (IATA) for Skin Sensitisation, OECD Series 241 

on Testing & Assessment Guidance Document 256 242 

(http://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=env/jm/243 

mono(2016)29/ann1&doclanguage=en). In GD 256, the performance of the DAs as 244 

evaluated by the DAs developers is reported.  The description of the potency 245 

information provided by the ITS DAs was originally for ECETOC skin sensitisation 246 

categories.  Prior to initiating expert review of the DAs, the DA developers were 247 

given the opportunity to update the DAs in advance of this evaluation, and any 248 

updates are indicated. 249 

5. Based on the works in institutes and agencies from the lead countries, and on 250 

recommendations from the OECD Expert Group (EG) in December 2017 and 2018, 251 

information on the predictive performance, applicability domain, and limitations and 252 

uncertainties of the individual DAs has been updated in the present supporting 253 

document to include comparisons with Local Lymph Node Assay (LLNA) and 254 

human data, and to evaluate potency predictions against the potency categories for 255 

skin sensitisation used by the UN Globally Harmonized System of Classification and 256 

Labelling of Chemicals (UN GHS).  The rodent and human reference data have been 257 

extensively curated and the reference chemical lists were refined based on 258 

exclusion/inclusion criteria agreed upon by the EG. In addition, upon request by the 259 

OECD EG, the ITSv1 has been revised to include OECD QSAR Toolbox predictions 260 

of skin sensitisation potential based on structural analogues in place of structural 261 

alerts resulting from the proprietary software Derek; this version is referred to as 262 

ITSv2. In addition the OECD EG recommended, for both the ITSv1 and the ITSv2, 263 

using a score of 6 instead of the original score of 7 to identify strong sensitizers to 264 

enhance performance and to extend the applicability of the ITSv1 and ITSv2 to 265 

chemicals for which an in silico prediction cannot be generated. Background 266 

information is consolidated herein to support the validation and inclusion of the DAs 267 

included in the draft OECD GL. 268 

6. The suitability of these DAs was evaluated by the Expert Group on DASS in Q2 269 

2018, based on the Evaluation Framework in Annex A.  The draft GL and Supporting 270 

Document were circulated to the WNT for a commenting round in November 2018. 271 

The leads countries have worked extensively to address the WNT comments. This 272 

revised Supporting Document provides detailed information on different aspects of 273 

the DAs including analyses of DA performance against a robust set of reference 274 

chemicals to support the review of the draft GL. 275 

7. When reviewing the draft GL, please note that the in chemico and in vitro 276 

information sources are validated OECD test guideline methods and are not under 277 

review. The same is true of the LLNA method, which provides the reference data 278 

and the basis for comparison for the DAs. Reviewers are asked to consider the 279 

information provided in this supporting document when reviewing the draft 280 

http://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=env/jm/mono(2016)29/ann1&doclanguage=en)
http://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=env/jm/mono(2016)29/ann1&doclanguage=en)
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Guideline on Defined Approaches for Skin Sensitistaion. The expectation is that, 281 

based on the evaluation framework and the performance against the reference 282 

chemicals, these DAs fulfil the criteria for inclusion in a guideline for defined 283 

approaches for skin sensitisation, and results from DAs are covered under the OECD 284 

agreement on mutual acceptance of data.    285 
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1.  2 out of 3 DA 286 

8. Section 1 of this document includes information on the “2 out of 3" DA 287 

developed by BASF and originally reported in the OECD Guidance Document 256, 288 

Annex I/II.  The information in this chapter was reorganised to follow the Evaluation 289 

Framework for Defined Approaches for Skin Sensitisation reviewed and agreed 290 

upon by the Expert Group (Annex A).  Further, the description of the DA was revised 291 

to include information requested by the Expert Group to better characterize the 292 

performance and predictive capacity, subsequent analyses, and work done by the 293 

expert subgroups on uncertainty and applicability domain characterization. Detailed 294 

information on the development of the 2 out of 3 DA and reference to relevant 295 

scientific publications is reported in Annex I/II to OECD GD 256.   296 

1.1. Structure: Information Provided, DA Elements 297 

9. The "2 out of 3" DA is for the identification of the skin sensitisation hazard of a 298 

substance primarily for the purposes of classification and labelling without the use 299 

of animal testing. The data interpretation procedure (DIP) is currently not designed 300 

to provide information on the potency of a sensitiser. The combination of test 301 

methods used covers at least two of the first three key events (KEs) of the adverse 302 

outcome pathway (AOP) leading to skin sensitisation as formally described by the 303 

OECD: KE 1: protein binding (e.g. via the direct peptide reactivity assay (DPRA); 304 

OECD TG 442C); KE 2: keratinocyte activation (e.g. via the KeratinoSensTM; OECD 305 

TG 442D); and dendritic cell activation [e.g. via the human cell line activation test 306 

(h-CLAT)1 OECD TG 442E]. The prediction model entails that two concordant 307 

results obtained from methods addressing different steps of first three KEs of the 308 

AOP, determine the final classification.  309 

1.2. Relevance: Mechanistic Coverage  310 

10. Skin sensitisation is the result of a complex multifactorial sequence of events 311 

and has long been the focus of research. As a consequence, the chemical and 312 

biological pathways involved are relatively well characterised. Eleven steps and four 313 

KEs (protein binding, keratinocyte activation, dendritic cell activation, and antigen-314 

specific T-cell proliferation with the generation of memory T-cells) leading to the 315 

AOP for skin sensitisation have been formally described and published by the OECD 316 

(ENV/JM/MONO(2012)10/PART1 and /PART2). The rationale for constructing 317 

this DA was to use well developed test methods and integrate data that cover at least 318 

two of the first three KEs of the AOP as these are essential for the sensitisation 319 

process, and subsequent events are dependent on these initial events.  320 

11. The molecular initiating event (MIE) is defined as the covalent binding of the 321 

hapten to skin proteins. This step is evaluated using the Direct Peptide Reactivity 322 

                                                      
1 The modified Myeloid U937 Skin Sensitisation Test (mMUSST) was evaluated in GD 256 

Annex I but is not currently being considered as an information source within the “2 of 3” 

Defined Approach because it is not a validated OECD in vitro Test Method or in the OECD 

validation process, and therefore does not fit the criteria for Guideline DA selection at this time. 
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Assay (DPRA; OECD TG 442C). Inflammatory and protective responses by the first 323 

cells coming into contact with the substance, the keratinocytes, are essential for 324 

downstream events to take place. Keratinocyte activation is evaluated via the Nrf2-325 

ARE-based KeratinoSens™ and LuSens assays (OECD TG 442D). Dendritic cells 326 

(DCs) transport the hapten to the regional lymph nodes, present the hapten on the 327 

cell surface and, when activated (mature DCs), are able to present the antigen in the 328 

proper context (upregulated cell surface markers, e.g. CD86) to activate naïve T-329 

cells thereby triggering their proliferation. The potential of a substance to cause DC 330 

activation is assessed using the h-CLAT (OECD TG 442E). These three events are 331 

essential to allow a DC to activate naïve T-cells, which then leads to KE4 – T cell 332 

proliferation and the development of effector T-cells (antigen presentation by mature 333 

DC resulting in sensitisation) or regulatory T cells (antigen presentation by immature 334 

DC resulting in tolerance). T-cell activation (KE 4) is dependent on the 335 

activation/maturation state of the antigen presenting cells (e.g. dendritic cells), i.e. 336 

sensitisation only takes place if the antigen presenting cells (APCs) presenting the 337 

antigen are activated, and this is dependent on the first three key steps. The read-338 

outs and cut-offs to define a positive or negative result from the individual 339 

information sources are described in the respective OECD TGs. The results are then 340 

used as a binary yes/no input to obtain the final prediction. 341 

1.3. Predictive Capacity: Performance Compared to Reference Data 342 

12. The predictive performance of the “2 out of 3” DA is reported for 105 substances 343 

against curated data from the LLNA, as agreed upon by the expert group. The 344 

performance reported here is for the 2 out of 3 DA using the DPRA for KE1, the 345 

KeratinoSens™ for KE2, and the h-CLAT for KE3. 346 

Table 1.1. Hazard identification performance of the “2 out of 3” DA in comparison to LLNA 347 
reference data (N = 105 substances). 348 

 349 

 LLNA 

2 of 3 

DA 

Non Sens 

Non 17 21 

Sens 3 64 

 350 

 351 

DA Performance vs. LLNA Data 
“2 out of 3” 

Accuracy (%) 77.1 

Sensitivity (%) 75.3 

Specificity (%) 85.0 

Balanced Accuracy (%) 80.2 

Note: Accuracy is correct classification rate, sensitivity is true positive rate, specificity is true negative 352 
rate, and balanced accuracy is average of sensitivity and specificity. Similar performance was 353 
demonstrated using the LuSens for KE2, and details are available in GD 256 and Urbisch et al. 2015. 354 



 © OECD 2019 
  

13. The predictive performance of the “2 out of 3” DA is reported for 76 substances 355 

from the human database as curated by the human data subgroup of the expert group. 356 

Details on the curation methods, uncertainty analyses, and application of the 357 

classification scheme are available in the Report of the Human Data Subgroup. The 358 

performance reported here is for the 2 out of 3 DA using the DPRA for KE1, 359 

KeratinoSens™ for KE2 and the h-CLAT for KE3. 360 

14. Due to the nature of the human predictive patch test (HPPT) data and associated 361 

uncertainties, many reference chemicals have ambiguous classifications (i.e. NC/1B 362 

for chemicals with negative results that were not tested to sufficiently high 363 

concentrations to rule out potential positive classification). See Annex B of this 364 

document for chemical-specific classifications and comparison between LLNA and 365 

human reference data and the Report of the Human Data Subgroupfor details on the 366 

human classifications. Here the hazard predictive performance of the “2 out of 3” 367 

DA has been analysed in two ways: one, by taking a conservative approach for such 368 

chemicals and defaulting to a 1B (positive) classification (shown in Table 1.2a), and 369 

two, by taking the HPPT data at face value and classifying those chemicals as 370 

negative (shown in Table 1.2b). In both cases the balanced accuracy of the “2 out of 371 

3” DA exceeds that of the LLNA when compared to the human data. 372 

Table 1.2a. Hazard identification performance of the “2 out of 3” DA in comparison to human 373 
reference data (N = 76 substances).  374 

Conservative approach applied to ambiguous classifications: assign Human NC/1B as Positive 375 
(Sens). LLNA performance against the human data (N = 72 substances) is shown as a 376 

benchmark. 377 

 Human 

2 of 3 DA Non Sens 

Non 10 17 

Sens 6 43 

 378 

Performance vs. Human Data “2 out of 3” DA LLNA 

Accuracy (%) 69.7 72.2 

Sensitivity (%) 71.7 86.0 

Specificity (%) 62.5 20.0 

Balanced Accuracy (%) 67.1 53.0 

 379 

Table 1.2b. Hazard identification performance of the “2 out of 3” DA in comparison to human 380 
reference data (N = 76 substances).  381 

Default to Negative approach applied to ambiguous classifications: assign Human NC/1B as 382 
Negative (Non). LLNA performance against the human data (N = 72 substances) is shown as a 383 

benchmark.  384 

 Human 

2 of 3 DA Non Sens 

Non 20 7 

Sens 18 31 

https://community.oecd.org/docs/DOC-159425
https://community.oecd.org/docs/DOC-159425
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 385 

Performance vs. Human Data “2 out of 3” DA LLNA 

Accuracy (%) 67.1 55.6 

Sensitivity (%) 81.6 89.2 

Specificity (%) 52.6 20.0 

Balanced Accuracy (%) 67.1 54.6 

 386 

15. An overview of the substances which are LLNA positives and are mispredicted 387 

by the 2 out of 3 DA is presented in table 1.3 below. This overview shows that all 388 

the chemicals misclassified by the 2 out 3 DA but one (Benzoyl peroxide) are 389 

classified as weak-moderate sensitisers by the LLNA. Classifications based on 390 

human data indicate many of these chemicals are mispredicted by the LLNA and 391 

correctly predicted by the 2 out of 3 DA with respect to the human data.   392 

16. A detailed analyses of the performance of the 2 out of 3 DA based on reaction 393 

mechanism domain, with specific examination of false positives and false negatives, 394 

including consideration of its ability to predict putative pre- and pro-haptens is 395 

reported in Section 5. 396 

Table 1.3. Specific chemicals mispredicted by the “2 out of 3” DA in comparison to LLNA, 397 
shown with respect to human reference data. 398 

Chemical LLNA GHS Human GHS DA.2of3 

Sodium lauryl sulfate 1B NC/1B 0 

Benzoyl peroxide 1A 1B 0 

Resorcinol 1B NC 0 

Hexyl cinnamic aldehyde 1B NC/1B 0 

Linalool 1B NC/1B 0 

Pyridine 1B 1B 0 

Aniline 1B 1B 0 

Hexyl salicylate 1B NC 0 

Methyl salicylate 1B NC/1B 0 

Anethole 1A/1B NA 0 

Benzyl benzoate 1B NC 0 

Benzyl salicylate 1B NC 0 

(R)-(+)-Limonene 1B NC/1B 0 

Tocopherol 1B NA 0 

DMSO 1B NC 0 

Isopropyl myristate 1B NC 0 

Allyl phenoxyacetate 1B NC/1B 0 

alpha-iso-methylionone 1B NC 0 

Benzyl Cinnamate 1B NC/1B 0 



 © OECD 2019 
  

p-isobutyl-a-methylhydrocinnamaldehdye 1B NA 0 

2-Methoxy-4-methylphenol 1B NA 0 

1.4. Reliability: Reproducibility 399 

17. Information below is provided on the reproducibility of the individual 400 

information sources and the broader impact on the predictions resulting from the 401 

DAs.  A more detailed consideration of the evaluation of uncertainties and 402 

reproducibility in the LLNA benchmark data (Section 3) and the uncertainty and 403 

reproducibility of the DAs are taken collectively (Section 4). A detailed analysis of 404 

the sources of uncertainty in the human reference data can be found in the Report of 405 

the Human Data Subgroup. 406 

1.4.1. The information sources used within the defined approach  407 

18. All test methods used in the 2 out of 3 DA (i.e. DPRA, KeratinoSens™, and h-408 

CLAT) have been extensively characterised for their reproducibility in the validation 409 

phase, as described by OECD TGs 442C, 442D, and 442E, respectively. A specific 410 

analysis of the how the uncertainties in individual information sources are 411 

propagated within the DA and impact of sequence of method used in the DA are 412 

presented in Section 4.  413 

1.4.2. Benchmark data used  414 

19. The benchmark data that was used to develop the test methods is primarily data 415 

obtained from the murine LLNA.  Variability in the EC3 values of the LLNA has 416 

reported depending on vehicle used, etc, and detailed exclusion criteria agreed upon 417 

by the expert group have been applied to the curated reference data (see LLNA 418 

Reference DB and Explanatory Note for additional information;). Therefore, the 419 

results of the LLNA, but also human data, harbour uncertainties. An analysis of the 420 

uncertainty and reproducibility of LLNA data can be found in Section 3. A detailed 421 

analysis of the sources of uncertainty in the human reference data can be found in 422 

the Report of the Human Data Subgroup  423 

1.4.3. Impact of uncertainty on the DIP's prediction  424 

20. The uncertainties in both the DAs and the benchmark data will affect DA 425 

predictions. It is worth noting that the benchmark data were derived following 426 

guideline test methods validated for regulatory use (OECD TG 429: LLNA), and the 427 

associated uncertainties in these methods are already accepted for this purpose. A 428 

specific analysis of the how the uncertainties in individual information sources are 429 

propagated within the DA and impact of sequence of method used in the DA are 430 

presented in Section 4. The order of methods chosen for the “2 out of 3” DA was 431 

found to have no significant impact on the predictive performance.  432 

1.5. Applicability: Technical Limitations, Chemical Space Coverage 433 

21. The information reported in this document is meant to support a consistent 434 

approach to describe the applicability domain of defined approaches (DA) by 435 

characterising their chemical space using existing data. This should be an iterative 436 

https://community.oecd.org/docs/DOC-159425
https://community.oecd.org/docs/DOC-159425
https://community.oecd.org/docs/DOC-159424
https://community.oecd.org/docs/DOC-159424
https://community.oecd.org/docs/DOC-159423
https://community.oecd.org/docs/DOC-159425
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process that allows for a redefinition of the chemical space as new knowledge on the 437 

method is acquired (i.e. data for additional chemicals become available).  438 

22. A group of experts, set up to address the above, agreed on characterising the 439 

substances that have been tested using the 2 out of 3 and ITS DAs  by determining:  440 

 Physicochemical properties of tested chemicals 441 

 Chemical reactivity domain of tested chemicals 442 

 Technical limitations of in vitro methods 443 

 Activation of tested chemicals (pre- and pro-haptens) 444 

23. The physicochemical property values describing the substances were obtained 445 

from the OPERA model accessible via the EPA’s chemistry dashboard, which has 446 

been extensively validated against experimental data (Mansouri et al. 2018). It was 447 

decided to use calculated values instead of measured ones due to their availability 448 

and especially due to the fact that it allows a direct comparison with the values 449 

obtained for new compounds as they can be calculated using the very same tools. 450 

The purpose of this exercise is to show the distributions of properties of the 451 

chemicals tested with the DAs to date and not to substitute calculated values for 452 

measured ones during the regulatory assessment of a substance, which is to be 453 

evaluated by the user on a case-by-case basis.  454 

24. The properties of mixtures, UVCBs, and natural products cannot be calculated 455 

by the means mentioned above and need to be considered as special cases.   456 

1.5.1. Physicochemical properties of tested chemicals 457 

25. The properties that were considered relevant for skin sensitisation and agreed 458 

upon by the expert group to be used to characterize the chemical space were: 459 

molecular weight (MW), boiling point (BP), melting point (MP), vapour pressure 460 

(VP), octanol-water partition coefficient (logP), water solubility (WS), and pKa. The 461 

distributions of the values of these properties for the 105 chemicals tested so far 462 

using the 2 out of 3 DA are shown in Figure 1.1a, and Figure 1.1b, respectively. The 463 

chemicals are colour-coded in order to indicate the predictions of the DA that are FP 464 

(blue) or FN (red) with respect to the LLNA data. The rest of chemicals are shown 465 

in grey.  466 
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Figure 1.1. Physicochemical properties that describe the chemicals that have been tested using 467 
the 2 out of 3 DA (composed of DPRA, KeratinoSens, and h-CLAT).  468 

For individual data points, FP or FN with respect to LLNA were colour-coded in blue and red, 469 
respectively. The density distribution of the chemical values for each property is also plotted (violin plot), 470 
as well as the corresponding box-plots. The “outliers”, as defined by the boxplot, are indicated with a “x” 471 

A) From top to bottom: molecular weight (MW (g/mol)), octanol-water partition coefficient (logP), 472 
water solubility (logWS(mol/L)), melting point (MP (ºC))  473 

 474 
 475 

A 
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B) From top to bottom: boiling point (BP (ºC)), vapour pressure (log(VP(Pa)), and lowest pKa. 476 

 477 
Note: The ranges of the properties shown in Figure 1.1 are summarized in Table 1.4.  478 
Source: All properties were obtained using the validated OPERA model (Mansouri et al., 2018). 479 
 480 

26. Figure 1.1 shows the distribution of physicochemical properties of the chemicals 481 

tested with the 2 out of 3 DA. The values for each property for each chemical are 482 

shown as a dot plot and the distribution of the values is shown as a violin plot (light 483 

blue area). In addition, the corresponding boxplot is superposed on the violin plot, 484 

which provides the median (dashed vertical line inside the box), 1st and 3rd quartiles 485 

(limits of the box) and the “lower limit” and “upper limit” values (whiskers of the 486 

boxplot). The “lower limit” and “upper limit” values of a boxplot separate the 487 

“outliers” (indicated as crosses) from the inliers of a dataset. The outliers are simply 488 

the “extremes” of the data which are found at an abnormal distance from other values 489 

and are defined as follows:  490 

Lower limit= 1st Quartile – 1.5 x interquartile distance 491 

Upper limit= 3rd Quartile + 1.5 x interquartile distance  492 

 493 

27. In statistics, outliers are usually defined as abnormal values (errors) within a set 494 

of repeated measures, e.g. cell viability of a control group. They are important in 495 

order to compare the differences between groups (e.g. control vs treatment) as the 496 

extremes can modify the overall observation (averages) and hide the differences 497 

between the two groups. For the very same reason, outliers are usually discarded 498 

when building regression models. A similar concept is used to define the AD of 499 

QSAR models with the Williams plot, which shows the chemicals whose descriptors 500 

B 
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have great leverage in the construction of the model and whether predictions of a 501 

model are extrapolations/outliers. However, in the current case the “outliers” 502 

indicated as crosses cannot be considered true outliers because the physicochemical 503 

properties shown in Figure 1.1 are not used to construct any prediction model but to 504 

characterise the chemical space of the chemicals tested with the 2 out of 3 DA. They 505 

can indicate, though, that the chemicals marked as crosses are different from the 506 

majority of the chemicals tested with respect to the particular physicochemical 507 

property under examination. For instance, the plot of the logP values of the 508 

chemicals (see Figure 1.1.a) show 2 FNs at logP > 5.0, one of which is also an 509 

“outlier” according to the boxplot. This shows that for high logP values the method 510 

may give FNs and that caution must be taken when dealing with this type of 511 

chemicals. Similarly, there is a chemical with a logWS =-8.0 which is a FN and is 512 

also considered an “outlier” according to the boxplot. This chemical is tocopherol, 513 

which is the same one with a logP=6.9, and may therefore be considered out of the 514 

applicability domain of the 2 out of 3 DA. In addition, logWS of Figure 1.1.a shows 515 

an area for values smaller than the 1st quartile with a high number of FNs (11 FNs 516 

and 17 TP/TN). This indicates that chemicals with very low water solubility tend to 517 

be mispredicted by the 2 out of 3 DA, giving rise to a high number of FNs. Therefore, 518 

one can consider that the AD of the 2 out of 3 DA is limited for the water solubility 519 

at around 10-3 mol/L, and the confidence in predictions for such chemicals may be 520 

lower. 521 

28. Figure 1.1.b shows logVP(Pa) values of the chemicals tested in the 2 out of 3 522 

DA. It can be observed that there are many chemicals with logVP(Pa)< -15 which 523 

are also considered “outliers” by the boxplot (marked as “x”) but which are properly 524 

predicted by the 2 out of 3 DA (black color). While these chemicals are different 525 

from the others with respect to their LogVP(Pa) values, there is no evidence in the 526 

current dataset that they may represent a problem for the model as they are all 527 

properly predicted. Therefore, it can be stated that chemicals with low logVP can be 528 

confidently predicted with the 2 out of 3 DA approach. A similar situation is 529 

observed for other properties like boiling point, molecular weight, and melting point 530 

where there are some chemicals that are considered “outliers” by the boxplot whose 531 

majority is properly predicted by the 2 out of 3 DA. In these cases, it can also be 532 

assumed that the 2 out of 3 DA can properly predict chemicals in these regions of 533 

the chemical space. The summary of the physicochemical property ranges that 534 

describe the chemical space of the chemicals tested using the 2 out of 3 DA and the 535 

observations made with respect to logP and logWS are shown below. 536 

Table 1.4. Summary of the physicochemical property ranges that describe the chemical space 537 
of the chemicals tested using the 2 out of 3 DA.  538 

Properties which were found to be related to misclassifications are indicated with an asterisk 539 
(*). 540 

Property Min-Max 

MW(g/mol) 30 - 582 

logP  -1.9 - 6.9* 

logWS(mol/L) -5.7* - 1.19 

MP(ºC) -114 - 175 

BP(ºC) -19 - 325 

logVP(Pa) -17.1 - 11.6 
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pKa 3.5 – 12.9 

 The results show that chemicals with logP > 5.0 may lead to FN predictions in 541 

the 2 out of 3 DA 542 

 The results show that chemicals with logWS(mol/L) < -3.0 may lead to FN 543 

predictions in the 2 out of 3 DA 544 

1.5.2. How to determine if a new molecule is in the known region of the 545 

chemical space of the 2 out of 3 DA?  546 

29. Before performing any test with the 2 out of 3 DA approach it is recommended 547 

to check if the molecule has physicochemical properties similar to those of the 548 

chemicals that have already been tested. The physicochemical properties shown in 549 

Figure 1.1 may be determined either theoretically by using the OPERA models 550 

(Mansouri et al. 2018) or experimentally, and one can then check whether the values 551 

obtained for each property fall within the limits of the corresponding plots of Figure 552 

1.1 or Table 1.4. Different outcomes may occur:  553 

 The values fall inside the whiskers of the boxplots of Figure 1.1 554 

Indicates the query chemical has similar properties to the 105 chemicals tested 555 

in the 2 out of 3 DA and no other limitations than those specified here are 556 

expected. 557 

 The values fall inside the limits of the violin plots (see Table 1.4) but outside 558 

the whiskers of Figure 1.1. 559 

Indicates that the query chemical has properties different from the majority of 560 

the 105 chemicals tested in the 2 out of 3 DA. Limitations associated with logP 561 

and logWS may affect the result (see Table 1.4). 562 

 The values fall outside the limits of the violin plots 563 

Indicates the query chemical has properties different from those of the 105 564 

chemicals tested in the 2 out of 3 DA. It is unknown whether these properties 565 

may influence the result and lead to a misprediction.  566 

1.5.3. Chemical reactivity domain of tested chemicals 567 

30. The chemical reactivity domains covered by the chemicals tested using the 2 out 568 

of 3 DA were determined with the OECD Toolbox 4.3 using the profiler “Protein 569 

binding alerts for skin sensitisation by OASIS” v1.7. The 105 chemicals tested cover 570 

the following reaction domains:  571 

Table 1.5. List of chemical reactivity domains found for the chemicals tested using the 2 out of 572 
3 573 

Chemical reactivity domain 
Number of 

Chemicals 

Acylation 8* 

Michael Addition 17* 

No alert found 55 

Nucleophilic addition 1 
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Schiff base formation 16* 

SN2 10* 

SNAr 1 

Ionic interaction 0 

Radical reactions 0 

SN1 0 

SN2Ionic 0 

SNVynil 0 

Total 108 

 574 

Note:* Iodopropynyl butylcarbamate and benzyl salicylate were categorised as Acylation and SN2, and p-Mentha-1,8-dien-7-575 
al was categorised as Michael addition + Schiff base. Therefore, 105 chemicals were classified in 108 categories as the three 576 
chemicals classified in more than one category were counted in each category. 577 
 578 

31. The distribution of these chemicals in the different chemical reactivity domains 579 

is shown in Figure 1.2. It is observed that the most populated domain in Figure 1.2 580 

A and B is the “No alert found” group, which corresponds to the chemicals for which 581 

no protein binding alerts for skin sensitisation were found. It can also be observed 582 

that this group holds the majority of FNs and FPs, showing that this type of 583 

chemicals are difficult not only for the 2 out of 3 DA but also for the LLNA. For a 584 

more detailed analysis on the performances of each chemical reactivity domain and 585 

their FNs and FPs see Section 5. 586 

Figure 1.2. Bar plot of the distribution of the set chemicals tested using the 2 out of 3 DA in 587 
chemical reactivity domains determined by the OECD Toolbox profiler “Protein binding alerts 588 

for skin sensitisation by OASIS” v1.7.  589 

FN predictions are shown in red, FP predictions in blue, and TN/TP predictions in grey. The y 590 
axis indicates the number of chemicals of each chemical reactivity domain. Figure A shows the 591 
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distribution of the 105 chemicals tested with the 2 out of 3 vs LLNA, and Figure B shows the 592 
distribution of the 76 chemicals out of 105 for which LLNA and human data were available.  593 

  594 

 595 

       596 

 597 

1.5.4. Technical and predictive limitations of the in vitro methods 598 

32. The limitations of the in vitro methods used in the 2 out of 3 DA are indicated 599 

in the corresponding test guidelines (OECD, 2018, 2015a, 2015b) and the text of the 600 

guidelines is summarized in Table 1.6. 601 

33. It is important to separate these limitations into: 602 

 technical limitations 603 

 limitations in the predictivity for certain classes 604 

34. The technical limitations may make a chemical not testable in one or more 605 

component methods of the 2 out of 3 approach and may thus limit its applicability 606 

domain. For example if a chemical cannot technically be tested in two assays, it will 607 

be outside of the applicability domain of the 2 out of 3 DA. If a chemical cannot be 608 

tested in one test, a definitive predication cannot be made if the two other tests do 609 

not give a concordant result. The applicability domains of the individual assays are 610 

hence thought to complement each other. 611 
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35. The predictivity limitations of some individual assays for certain classes of 612 

chemicals do not necessarily limit the applicability domain of the DA – one of the 613 

advantages of DAs (not limited to the 2 out of 3) is to overcome blind spots / 614 

predictivity limitations of single tests. Thus whether the limitations in predictivity 615 

for the tests as stand-alone assays summarized in the OECD guidelines translate to 616 

limited applicability domain of the 2 out of 3 (or any other DA) can only be assessed 617 

by checking the predictive capacity of the overall approach (see Section 1.3). 618 

Table 1.6. Limitations as defined in the OECD guidelines 442 C, D and E.  619 

Technical limitations are highlighted in bold. This table will be updated as the test guidelines are revised. 620 

TG 442C DPRA TG 442 D KeratinoSens™  TG 442E h-CLAT  

Metals are outside the 

applicability of the DPRA since 

they react with proteins with 

mechanisms different than 

covalent binding. 

 

Evaluation of the reactivity of 

the electrophile is limited to 

cysteine and lysine. Test 

chemicals with selective 

reactivity towards other 

nucleophiles may not be 

detected by the assay. 

 

Test chemicals must be stable 

under the test conditions (e.g. 

DPRA uses highly alkaline 

conditions for lysine 

reactivity). 

 

Peptide depletion due to adduct 

formation, dimerization or 

oxidation of the peptide cannot 

be differentiated from peptide 

depletion. 

 

Test chemicals having the 

same retention time as the 

cysteine and/or the lysine 

peptides may provide 

inconclusive results. 

 

Due to the defined molar ratio 

of the test chemical and 

peptide, the current method 

cannot be used for the testing 

of complex mixtures of 

unknown composition (it is 

The test method is not 

applicable to the testing of 

chemicals which are not 

soluble or do not form a stable 

dispersion. 

 

Highly cytotoxic chemicals 

cannot always be reliably 

assessed. 

 

Test chemicals that strongly 

interfere with the luciferase 

enzyme (e.g. phytoestrogens) 

cannot be reliably tested. 

 

Chemical stressors other than 

electrophilic chemicals may 

activate the Keap1-Nrf2-ARE 

pathway leading to false 

positive predictions. 

 

Substances with an exclusive 

reactivity towards lysine-

residues are likely to give 

negative results, e.g. acyl 

transfer agents. 

 

 

 

 

The test method is not 

applicable to the testing of 

chemicals which are not 

soluble or do not form a stable 

dispersion̶. 

 

Highly cytotoxic chemicals 

cannot always be reliably 

assessed. 

 

Strong fluorescent test 

chemicals emitting at the 

same wavelength as FITC or 

as propidium iodide (PI) may 

interfere with the flow-

cytometry light-signal 

acquisition. 

 

 

Test chemicals with a logP of 

greater than 3.5 and tend to 

produce false negative results in 

the h-CLAT.  

 

Test substances present as 

insoluble (but stably 

dispersed) particles may 

interfere with the cell viability 

assessment using flow 

cytometry. 
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technically applicable to 

mixtures of known 

composition) or for 

substances of unknown or 

variable composition, 

complex reaction products or 

biological materials (i.e 

UVCB substances) due to the 

defined molar ratios of test 

chemicals and peptides. 

  621 

1.6. Complexity: Data Interpretation Procedure 622 

36. Within the 2 out of 3 DA, three methods are used reflecting the first three KEs 623 

in the sensitisation process (protein binding, keratinocyte activation, DC activation). 624 

The DIP uses the readout of the prediction models of each of the individual test 625 

methods and/or information sources as defined by the method developer or test 626 

guideline (see also Annex II to GD 256). The substance is then classified as a 627 

sensitiser or not for that specific method and KE (binary answer: yes or no; see also 628 

the reporting of the individual information sources for more details). The DIP then 629 

defines that two concordant results addressing two different KEs indicate the 630 

sensitising potential, i.e. two positive results indicate a sensitiser, two negative 631 

results indicate a non-sensitiser. This also implies that if the first two tests conducted 632 

yield a) concordant results, the third does not need to be performed, or b) discordant 633 

results in the first two tests necessitates conducting a third test addressing a third KE 634 

(Figure 1.3). 635 

37. The 2 out of 3 DA is only quantitative in the sense that the values from 636 

measurements are obtained in each of the individual test methods used. It is 637 

fundamentally qualitative as these values play a secondary role and only binary 638 

(positive/negative) results drive the final prediction. The results from the “third” test 639 

can then be useful, e.g. to obtain a two out of three prediction when the first two tests 640 

are not concordant, or to further corroborate a prediction when assessing when 641 

borderline results are achieved. 642 
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Figure 1.3. Schematic of the “2 out of 3” defined approach. OECD TG methods for Key 643 
Events (KE) 1-3 are run in an undefined order until at least two of the three methods show 644 

consensus. 645 

 646 

1.7. Transparency: Availability of Elements for Review  647 

1.7.1. Direct Peptide Reactivity Assay (DPRA; OECD TG 442C; KE1) 648 

38. Skin sensitisers are generally electrophilic and react with the nucleophilic 649 

moieties of proteins. The DPRA measures depletion of two peptides containing 650 

either cysteine or lysine residues due to covalent binding. The prediction model 651 

describes in OECD TG 442C is used to identify positive and negative results.  652 

1.7.2. KeratinoSensTM and/or LuSens assay (In Vitro Skin Sensitisation: 653 

ARE-Nrf2 Luciferase Test Method OECD TG 442D; KE2) 654 

39. Keratinocytes harbouring a reporter gene construct react to possible sensitisers 655 

via the Nrf2-Keap1 pathway. Substances are considered to be positive in the 656 

KeratinoSensTM if they induce a statistically significant induction (1.5fold at 657 

viabilities > 70%) of the luciferase gene over the vehicle controls. The prediction 658 

model describes in OECD TG 442C is used to identify positive and negative results.  659 

1.7.3. Human cell-line activation test (h-CLAT) (OECD TG 442E; KE 3) 660 

40. Activation of antigen presenting cells (APCs) is characterized by the up-661 

regulation of CD86 and/or CD54. The h-CLAT is considered to be positive if CD86 662 

induction exceeds 1.5fold and CD54 exceeds 2.0fold at viabilities > 50% when 663 

compared to the vehicle control.  664 

41.  A detailed description of the information sources used within the 2 out of 3 DA 665 

can be found in Annex II of GD 256.  666 

Test Chemical

KE a KE b

Concordant?

Classify 
based on 

concordance

KE c

YES NO

Classify 
based on 2/3 

concordance
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2.  ITS 759 

42. Section 2 of this document includes information on the Integrated Testing 760 

Strategy (ITS) Defined Approach developed by Kao Corporation and originally 761 

reported in the OECD Guidance Document 256, Annex I/II. The information in this 762 

chapter was reorganised to follow the Evaluation Framework for Defined 763 

Approaches for Skin Sensitisation (DASS) that was reviewed and agreed upon by 764 

the Expert Group (Annex A), Further, the description of the DA was revised to 765 

include information requested by the Expert Group to better characterize the 766 

performance and predictive capacity, subsequent analyses, and work done by the 767 

expert subgroups on uncertainty and applicability domain characterization. Detailed 768 

information on the development of the ITS and reference to relevant scientific 769 

publications is reported in Annex I/II to OECD GD 256.   770 

43.  The original version of the Kao ITS (v1) is described as case study XI (page 771 

158) of  Annex I of GD 256. In the incorporation of the DPRA results, the ITS DA 772 

(both ITSv1 and ITSv2) includes the consideration that under the condition that the 773 

lysine peptide co-elutes with the test substance, one should only consider cysteine 774 

peptide depletion (as was done in Takenouchi et al. 2015 for the Kao ITS). 775 

44. The potency predictions of this ITS were originally applied to obtain three rank 776 

classes and compared using the following schema: EC3<1% in LLNA (Strong), 777 

EC3≥1% (Weak), Non-Sensitisers (NS); the comparison has now been updated to 778 

correspond to GHS sub-classification into subcategory 1A (EC3<2% in LLNA) and 779 

1B (EC3≥2%).  780 

45. At the suggestion of the expert group the original DA using Derek (ITSv1) was 781 

updated to substitute the OECD Toolbox as the in silico information source (ITSv2), 782 

and in both cases the DIP was slightly altered to change the cutoff for 1A sensitizers 783 

to a score of 6, to allow for future prediction of chemicals without structural 784 

analogues in the OECD Toolbox and to optimize the ability of the DA to detect 785 

strong sensitizers. 786 

46. The protocol used to obtain the OECD Toolbox predictions is included in Annex 787 

C of this document. The updated ITSv2 DA also provides both hazard and potency 788 

classification (i.e., chemical is categorized as a strong or weak skin sensitizer, or is 789 

not classified as a skin sensitizer).  790 

47. The Kao ITS v2 was initially reviewed by the Expert Group for DASS,.  The 791 

information in the DA was augmented according to Expert Group comments in Q2-792 

Q3 2018, and updated where indicated below. 793 

2.1. Structure: Information Provided, DA Elements 794 

48. The ITS DA provides prediction of the skin sensitisation potential and potency 795 

of a substance according to the EU GHS (categories 1A and 1B). The test methods 796 

used include in silico prediction (DEREK Nexus/OECD Toolbox) and address two 797 

key events (KEs) 1 and 3 as defined in OECD Adverse Outcome Pathway (AOP) of 798 

skin sensitisation: KE 1 of protein binding is evaluated using the Direct Peptide 799 

Reactivity Assay (DPRA; OECD TG 442c); KE 3 of dendritic cell activation is 800 

evaluated using the human Cell Line Activation Test (h-CLAT).  801 

http://www.oecd.org/officialdocuments/publicdisplaydocumentpdf/?cote=env/jm/mono(2016)29/ann1&doclanguage=en)
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49. ITSv1 uses DEREK Nexus to predict the probability that a substance will be a 802 

Sensitisers / Non-Sensitisers (S/NS) by an alert. The peptide depletion in the DPRA 803 

and the quantitative dose-response outcome in the h-CLAT correlate to sensitising 804 

potency based on the EC3 values in the LLNA. The alert in DEREK Nexus and the 805 

quantitative outcomes in the DPRA and h-CLAT are converted to a score of 0 to 3. 806 

The summed score of three test methods can be used to predict the skin sensitising 807 

potential (hazard identification; S/NS) and potency of a substance. The ITS scores 808 

correlate to sensitising potency based on the EC3 values in the LLNA, and have been 809 

updated to correspond to the GHS classification and labelling system. A score of 6-810 

7 corresponds to the strong class which predicts EC3<2% in LLNA (Strong, GHS 811 

sub-category 1A), and a score of 2-5 provides a weak class, which predicts EC3≥2% 812 

(Weak, GHS sub-category 1B). The potency prediction is given as three rank classes 813 

corresponding to GHS sub-classification: EC3<2% in LLNA (1A), EC3≥2% (1B), 814 

Not Classified (NC), i.e. Non-Sensitisers (NS).   815 

50. ITSv2 substitutes OECD Toolbox sensitisation predictions, based on 816 

identification of structural analogues, for the in silico portion of the ITS. The updated 817 

ITSv2 DA provides both hazard and potency classification (i.e., chemical is 818 

categorized for likelihood as a strong or weak skin sensitizer, or is not classified as 819 

a skin sensitizer), and follows the same score-based DIP as outlined above.  820 

2.1.1. Proprietary aspects:  821 

51. ITSv1: A license agreement is needed for Derek Nexus, which is commercially 822 

available software from Lhasa Limited.  823 

2.2. Relevance: Mechanistic Coverage  824 

52. Based on the adverse outcome pathway of skin sensitisation defined by OECD, 825 

the molecular initiating event (KE 1) and the cellular response of dendritic cells (KE 826 

3) are taken into account in ITSv1 and ITSv2. 827 

53. The molecular initiating event (KE 1) leading to skin sensitisation is postulated 828 

to be covalent binding of electrophilic chemical species to selected nucleophilic 829 

molecular sites of action in skin proteins. The covalent binding to skin proteins is 830 

evaluated using the DEREK Nexus or OECD Toolbox and the Direct Peptide 831 

Reactivity Assay (DPRA), OECD TG 442C.  832 

54. The activation of dendritic cells (DC) is typically assessed by expression of 833 

specific cell surface markers, chemokines and cytokines. The h-CLAT addresses the 834 

KE 3 (dendritic cell activation) of the skin sensitisation AOP (OECD TG 442E).  835 

55. In ITSv1 and ITSv2, the outcomes or quantitative parameters in each of the 836 

individual test methods are assigned to scores, by modifying the weight of evidence 837 

approach proposed by Jowsey et al. (2006) and Natsch et al. (2009) in order to define 838 

a sensitising potential (hazard identification; 1A, 1B, NC potency) of a substance.  839 

56. The underlying rationale of the ITS DAs is that either a medium score (2) in the 840 

individual test (i.e., DPRA or h-CLAT) or a low score (1) in two test methods out of 841 

three is considered enough evidence for judging a substance as a sensitiser. 842 
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2.3. Predictive Capacity: Performance Compared to Reference Data 843 

2.3.1. ITS v1 844 

57. The predictive performance for hazard identification of the ITSv1 (based on 845 

DPRA, h-CLAT and DEREK Nexus) is reported for 105 substances against curated 846 

data from the LLNA as agreed upon by the expert group, Table 2.1 below. The 847 

predictive performance considering the three EU GHS classes (1A, 1B, NC) is 848 

reported for 100 substances, Table 2.2. below, as there were 5 substances with 849 

positive LLNA results that could not be further subclassified into 1A/1B.  850 

Table 2.1. Hazard identification performance of the ITSv1 DA in comparison to LLNA 851 
reference data (N = 105 substances). 852 

 LLNA 

ITSv1 

DA 
Non Sens 

Non 15 11 

Sens 5 74 

 853 

Performance vs. LLNA Data ITSv1 

Accuracy (%) 84.8 

Sensitivity (%) 87.1 

Specificity (%) 75.0 

Balanced Accuracy (%) 81.0 

Note: Accuracy is correct classification rate, sensitivity is true positive rate, specificity is true negative 854 
rate, and balanced accuracy is average of sensitivity and specificity.  855 

 856 

Table 2.2. Performance of the ITSv1 DA to predict EU GHS potency classes (NC, 1A, 1B) in 857 
comparison to LLNA reference data (N = 100 substances). 858 

 LLNA 

ITSv1 DA NC 1B 1A 

NC 15 11 0 

1B 5 42 5 

1A 0 5 17 

 859 

74% accuracy overall 860 
 861 

Statistics by Class: NC 1B 1A 
Sensitivity (%) 75.0 72.4 77.3 
Specificity (%) 86.2 76.2 93.6 
Balanced Accuracy (%) 80.6 74.3 85.4 
 862 

58. An overview of the substances which are LLNA positives and are mispredicted 863 

by the ITSv1 DA is presented in Table 2.3 below. This overview shows that all the 864 
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chemicals misclassified by the ITSv1 DA are classified as weak-moderate sensitisers 865 

by the LLNA. Classifications based on human data indicate some of these chemicals 866 

may be overpredicted by the LLNA.   867 

59. A detailed analyses of the performance of the ITSv1 DA based on reaction 868 

mechanism domain, including consideration of its ability to predict putative pre- and 869 

pro-haptens is reported in Section 5. 870 

 871 

Table 2.3. Specific chemicals mispredicted by the “ITSv1” DA in comparison to LLNA, 872 
shown with respect to human reference data. 873 

Chemical LLNA GHS Human GHS  ITSv1 DA 

Sodium lauryl sulfate 1B NC/1B NC 

Hexyl cinnamic aldehyde 1B NC/1B NC 

Pyridine 1B 1B NC 

Methyl salicylate 1B NC/1B NC 

Benzyl benzoate 1B NC NC 

Benzyl salicylate 1B NC NC 

Tocopherol 1B NA NC 

DMSO 1B NC NC 

Isopropyl myristate 1B NC NC 

Allyl phenoxyacetate 1B NC/1B NC 

Benzyl Cinnamate 1B NC/1B NC 

 874 

60. In addition, the predictive performance of the ITS v1 DA is reported for a subset 875 

of 76 substances for which curated human data is available. For some of the 876 

chemicals the human data could not be assigned to the NC or 1B classes (see sheet 877 

in Annex B of this document for classifications and the Report of the Human Data 878 

Subgroup for details) with sufficient confidence due to limitations on testing 879 

concentrations; the analysis was therefore performed two ways. Once was on the 880 

basis of a conservative approach (i.e considering all the NC/1B classifications as 881 

positive, Table 2.4) and the other was using a "default to negative" approach (i.e. 882 

considering all the NC/1B classifications as NC, Table 2.5).  In both cases the 883 

performance of the ITSv1 DA in predicting human responses was comparable to or 884 

exceeded that of the murine LLNA. 885 

Table 2.4. Hazard identification performance of the ITSv1 DA in comparison to human 886 
reference data (N = 76 substances).  887 

Conservative approach applied to ambiguous classifications: assign Human NC/1B as Positive (Sens). 888 
LLNA performance against the human data (N = 72 substances) is shown as a benchmark. 889 

 890 

 Human 

https://community.oecd.org/docs/DOC-159425
https://community.oecd.org/docs/DOC-159425
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ITSv1 

DA 
Non Sens 

Non 7 13 

Sens 9 47 

 891 

Performance vs. Human Data ITSv1 LLNA 

Accuracy (%) 71.1 72.2 

Sensitivity (%) 78.3 86.0 

Specificity (%) 43.8 20.0 

Balanced Accuracy (%) 61.0 53.0 

 892 

Table 2.5. Hazard identification performance of the ITSv1 DA in comparison to human 893 
reference data (N = 76 substances).  894 

Default to Negative approach applied to ambiguous classifications: assign Human NC/1B as Negative (Non). 895 
LLNA performance against the human data (N = 72 substances) is shown as a benchmark. 896 

 897 

 Human 

ITSv1 

DA 
Non Sens 

Non 16 4 

Sens 22 34 

 898 

Performance vs. Human Data ITSv1 LLNA 

Accuracy (%) 65.8 55.6 

Sensitivity (%) 89.5 89.2 

Specificity (%) 42.1 20.0 

Balanced Accuracy (%) 65.8 54.6 

 899 

61. The performance of the ITSv1 DA to predict GHS potency classes was also 900 

assessed with respect to the human reference data for 76 substances, and compared 901 

to the performance of the LLNA for 72 of those 76 substances which had both mouse 902 

and human data (Table 2.6). In cases of ambiguous human classifications, i.e. 903 

“NC/1B”, a prediction of “NC” or “1B” was considered correct for both the DAs 904 

and the LLNA when compared to human data. See Annex B of this document for 905 

chemical-specific classifications and comparison between LLNA and human 906 

reference data and the Report of the Human Data Subgroup for details on the human 907 

classifications.  908 

 909 

Table 2.6. Performance of the ITSv1 DA to predict EU GHS potency classes (NC, 1A, 1B) in 910 
comparison to human reference data (N = 76 substances).  911 

LLNA performance against the human data (N = 72 substances) is shown as a benchmark. 912 

 913 

https://community.oecd.org/docs/DOC-159425
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 Human 

ITSv1 

DA 
NC NC/1B 1B 1A 

NC 7 9 4 0 

1B 9 11 21 2 

1A 0 2 2 9 

 914 

Accuracy (%) by Human 

Classification 

ITSv1 LLNA 

NC 43.8 20.0 

NC/1B 90.9 100.0 

1B 77.8 72.0 

1A 81.8 75.0 

Overall 75.0 69.4 

 915 

2.3.2. ITS v2 916 

62. The ITSv2 is a test battery-based DA that relies upon the quantitative results 917 

from the DPRA and the h-CLAT as well as in silico hazard predictions from the 918 

open-source, structure-based, OECD Toolbox software (v4.3, see Annex C for 919 

protocol). The performance of the ITSv2 is reported for 105 substances against 920 

curated data from the LLNA as agreed upon by the expert group, Table 2.7 below. 921 

The predictive performance considering the three EU GHS classes (1A, 1B, NC) is 922 

reported for 100 substances, Table 2.8. below, as there were 5 substances with 923 

positive LLNA results that could not be further subclassified into 1A/1B. 924 

 925 

Table 2.7. Hazard identification performance of the ITSv2 DA in comparison to LLNA 926 
reference data (N = 105 substances). 927 

 LLNA 

ITSv2 DA Non Sens 

Non 13 11 

Sens 7 74 

 928 

Performance vs. LLNA Data ITSv2 

Accuracy (%) 82.9 

Sensitivity (%) 87.1 

Specificity (%) 65.0 

Balanced Accuracy (%) 76.0 

Note: Accuracy is correct classification rate, sensitivity is true positive rate, specificity is true negative 929 
rate, and balanced accuracy is average of sensitivity and specificity.  930 

 931 
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Table 2.8. Performance of the ITSv2 DA to predict EU GHS potency classes (NC, 1A, 1B) in 932 
comparison to LLNA reference data (N = 100 substances). 933 

 LLNA 

ITSv2 DA NC 1B 1A 

NC 13 11 0 

1B 7 42 6 

1A 0 5 16 

71% accuracy overall 934 
 935 

Statistics by Class NC 1B 1A 
Sensitivity (%) 65.0 72.4 72.7 
Specificity (%) 86.3 69.1 93.6 
Balanced Accuracy (%) 75.6 70.7 83.2 
 936 

63. An overview of the substances which are LLNA positives and are mispredicted 937 

by the ITSv2 DA is presented in Table 2.9 below. This overview shows that all the 938 

chemicals misclassified by the ITSv2 DA are classified as weak-moderate sensitisers 939 

by the LLNA. Classifications based on human data indicate some of these chemicals 940 

may be overpredicted by the LLNA.   941 

64. A detailed analyses of the performance of the ITSv2 DA based on reaction 942 

mechanism domain, including consideration of its ability to predict putative pre- and 943 

pro-haptens is reported in Section 5. 944 

Table 2.9. Specific chemicals mispredicted by the “ITSv1” DA in comparison to LLNA, 945 
shown with respect to human reference data 946 

Chemical LLNA.GHS Human.GHS.incl ITSv2 

Sodium lauryl sulfate 1B NC/1B NC 

Hexyl cinnamic aldehyde 1B NC/1B NC 

Pyridine 1B 1B NC 

Aniline 1B 1B NC 

Methyl salicylate 1B NC/1B NC 

Benzyl benzoate 1B NC NC 

Benzyl salicylate 1B NC NC 

Tocopherol 1B NA NC 

DMSO 1B NC NC 

Isopropyl myristate 1B NC NC 

Benzyl Cinnamate 1B NC/1B NC 

 947 

65. In addition, the predictive performance of the ITS v2 DA is reported for a subset 948 

of 76 substances for which curated human data is available. For some of the 949 
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chemicals the human data could not be assigned to the NC or 1B classes (see sheet 950 

in Annex B of this document for classifications and the Report of the Human Data 951 

Subgroup for details) with sufficient confidence due to limitations on testing 952 

concentrations; the analysis was therefore performed two ways. Once was on the 953 

basis of a conservative approach (i.e considering all the NC/1B classifications as 954 

positive, Table 2.10) and the other was using a "default to negative" approach (i.e. 955 

considering all the NC/1B classifications as NC, Table 2.11).  In both cases the 956 

performance of the ITSv2 in predicting human responses was comparable or exceed 957 

that of the murine LLNA. 958 

Table 2.10. Hazard identification performance of the ITSv2 DA in comparison to human 959 
reference data (N = 76 substances).  960 

Conservative approach applied to ambiguous classifications: assign Human NC/1B as Positive (Sens). LLNA 961 
performance against the human data (N = 72 substances) is shown as a benchmark. 962 

 963 

 Human 

ITSv2 

DA 
Non Sens 

Non 7 11 

Sens 9 49 

 964 

Performance vs. Human Data ITSv2 LLNA 

Accuracy (%) 73.7 72.2 

Sensitivity (%) 81.7 86.0 

Specificity (%) 43.8 20.0 

Balanced Accuracy (%) 62.7 53.0 

 965 

Table 2.11. Hazard identification performance of the ITSv2 DA in comparison to human 966 
reference data (N = 76 substances).  967 

Default to Negative approach applied to ambiguous classifications: assign Human NC/1B as Negative (Non). 968 
LLNA performance against the human data (N = 72 substances) is shown as a benchmark. 969 

 970 

 Human 

ITSv2 

DA 
Non Sens 

Non 14 4 

Sens 24 34 

 971 

Performance vs. Human Data ITSv2 LLNA 

Accuracy (%) 63.2 55.6 

Sensitivity (%) 89.5 89.2 

Specificity (%) 36.8 20.0 

Balanced Accuracy (%) 63.2 54.6 

 972 

https://community.oecd.org/docs/DOC-159425
https://community.oecd.org/docs/DOC-159425
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66. The performance of the ITSv2 DA to predict GHS potency classes was also 973 

assessed with respect to the human reference data for 76 substances, and compared 974 

to the performance of the LLNA for 72 of those 76 substances which had both mouse 975 

and human data (Table 2.12). In cases of ambiguous human classifications, i.e. 976 

“NC/1B”, a prediction of “NC” or “1B” was considered correct for both the DAs 977 

and the LLNA when compared to human data. See Annex B of this document for 978 

chemical-specific classifications and comparison between LLNA and human 979 

reference data and the Report of the Human Data Subgroup for details on the human 980 

classifications.  981 

Table 2.12. Performance of the ITSv2 DA to predict EU GHS potency classes (NC, 1A, 1B) in 982 
comparison to human reference data (N = 76 substances).  983 

LLNA performance against the human data (N = 72 substances) is shown as a benchmark. 984 

 985 

 Human 

ITSv2 

DA 
NC NC/1B 1B 1A 

NC 7 7 4 0 

1B 9 13 21 3 

1A 0 2 2 8 

 986 

Accuracy (%) by Human 

Classification 

ITSv2 LLNA 

NC 43.8 20.0 

NC/1B 90.9 100.0 

1B 77.8 72.0 

1A 72.7 75.0 

Overall 73.7 69.4 

 987 

2.4. Reliability: Reproducibility 988 

67. Information below is provided on the reproducibility of the individual 989 

information sources and the broader impact on the predictions resulting from the 990 

DAs.  A more detailed consideration of the evaluation of uncertainties and 991 

reproducibility in the LLNA benchmark data (Section 3) and the uncertainty and 992 

reproducibility of the DAs are taken collectively (Section 4). A detailed analysis of 993 

the sources of uncertainty in the human reference data can be found in the Report of 994 

the Human Data Subgroup. 995 

2.4.1. The information sources used within the defined approach  996 

68. The DPRA and h-CLAT have been validated and included in OECD TG 442C 997 

and 442E respectively, including demonstration of reproducibility. Here, an analysis 998 

of how the uncertainties in individual information sources are propagated within the 999 

DA and impact of sequence of method used in the DA are presented in Section 4. 1000 

https://community.oecd.org/docs/DOC-159425
https://community.oecd.org/docs/DOC-159425
https://community.oecd.org/docs/DOC-159425
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ITSv1 uses Derek Nexus as the in silico input, which is commercially available 1001 

software from Lhasa Limited for which a license agreement is needed, and the 1002 

protocol used to obtain the OECD Toolbox predictions (for ITSv2) is included in 1003 

Annex C of this document. 1004 

2.4.2. Benchmark data used  1005 

69. The variability of EC3 values of LLNA has been reported depending on vehicle 1006 

used and laboratories, and detailed exclusion criteria agreed upon by the expert 1007 

group have been applied to the curated reference data (see LLNA Reference DB and 1008 

Explanatory Note for additional information). Therefore, the uncertainty in 1009 

misprediction of EC3 values is taken into account. A detailed analysis of the sources 1010 

of uncertainty in the human reference data can be found in the Report of the Human 1011 

Data Subgroup. 1012 

2.4.3. Impact of uncertainty on the DIP's prediction  1013 

70. For a new test chemical, similar chemicals with in vitro or in vivo data should 1014 

be checked. Confidence in the predictions is high if the limitations are taken into 1015 

account and similar chemicals are included in training set. See Figure 5.1 for 1016 

recommendations based on reactivity domains and the associated confidence with 1017 

ITS DA predictions. 1018 

2.5. Applicability: Technical Limitations, Chemical Space Coverage 1019 

71. The information reported in this document is meant to support a consistent 1020 

approach to describe the applicability domain of defined approaches (DA) by 1021 

characterising their chemical space using existing data. This should be an iterative 1022 

process that allows for a redefinition of the chemical space as soon as new 1023 

knowledge on the method is acquired (i.e. data for additional chemicals become 1024 

available).  1025 

72. A group of experts, set up to address the above, agreed on characterising the 1026 

substances that have been tested using the ITSv1 and ITSv2 DAs  by determining:  1027 

 Physicochemical properties of tested chemicals 1028 

 Chemical reactivity domain of tested chemicals 1029 

 Technical limitations of in vitro methods 1030 

 Activation of tested chemicals (pre- and pro-haptens) 1031 

73. The values of the properties chosen to describe the substances were obtained 1032 

from the OPERA model accessible via the EPA’s chemistry dashboard that has been 1033 

extensively validated against experimental data (Mansouri et al. 2018). It was 1034 

decided to use calculated values instead of measured ones due to their availability 1035 

and especially due to the fact that it allows a direct comparison with the values 1036 

obtained for new compounds as they can be calculated using the very same tools. 1037 

The purpose of this exercise is to show the distributions of properties of the 1038 

chemicals tested with the DAs to date and not to substitute calculated values for 1039 

measured ones during the regulatory assessment of a substance, which is to be 1040 

evaluated by the user on a case-by-case basis.  1041 

https://community.oecd.org/docs/DOC-159424
https://community.oecd.org/docs/DOC-159423
https://community.oecd.org/docs/DOC-159425
https://community.oecd.org/docs/DOC-159425
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74. The properties of mixtures, UVCBs, and natural products cannot be calculated 1042 

by the means mentioned above and need to be considered as special cases.  1043 

2.5.1. ITSv1 1044 

Physicochemical properties of tested chemicals 1045 

75. The properties that were considered relevant for skin sensitisation and agreed 1046 

upon by the expert group to be used to characterize the chemical space were: 1047 

molecular weight (MW), boiling point (BP), melting point (MP), vapour pressure 1048 

(VP), octanol-water partition coefficient (logP), water solubility (WS), and pKa. The 1049 

distributions of the values of these properties for the 105 chemicals tested so far 1050 

using the ITSv1 DA are shown in Figure 2.1. The chemicals are colour-coded in 1051 

order to indicate the predictions of the DA that are FP (blue) or FN (red) with respect 1052 

to the LLNA data. The rest of chemicals are shown in grey.  1053 

Figure 2.1. Physicochemical properties that describe the chemicals that have been tested using 1054 
ITSv1 DA (composed of DPRA, h-CLAT, and Derek).  1055 

For individual data points, FP or FN with respect to LLNA were colour-coded in blue and red, 1056 
respectively. The density distribution of the chemical values for each property is also plotted 1057 

(violin plot), as well as the corresponding box-plots. The “outliers”, as defined by the boxplot, 1058 
are indicated with a “x”. 1059 

A) From top to bottom: molecular weight (MW (g/mol)), octanol-water partition coefficient (logP), 1060 
water solubility (logWS(mol/L)), melting point (MP (ºC))  1061 

 1062 
 1063 

A 
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B) From top to bottom: boiling point (BP (ºC)), vapour pressure (log(VP(Pa)), and lowest pKa. 1064 

 1065 
Note: The ranges of the properties shown in Figure 2.1 are summarized in Table 2.13.  1066 
Source: All properties were obtained using the validated OPERA model (Mansouri et al., 2018). 1067 
 1068 

76. Figure 2.1 shows the distribution of physicochemical properties of the chemicals 1069 

tested with the ITSv1 DA. The values for each property for each chemical are shown 1070 

as a dot plot and the distribution of the values is shown as a violin plot (light blue 1071 

area). In addition, the corresponding boxplot is superposed on the violin plot, which 1072 

provides the median (dashed vertical line inside the box), 1st and 3rd quartiles (limits 1073 

of the box) and the “lower limit” and “upper limit” values (whiskers of the boxplot). 1074 

The “lower limit” and “upper limit” values of a boxplot separate the “outliers” 1075 

(indicated as crosses) from the inliers of a dataset. The outliers are simply the 1076 

“extremes” of the data which are found at an abnormal distance from other values 1077 

and are defined as follows:  1078 

Lower limit= 1st Quartile – 1.5 x interquartile distance 1079 

Upper limit= 3rd Quartile + 1.5 x interquartile distance  1080 

 1081 

77. In statistics, outliers are usually defined as abnormal values (errors) within a set 1082 

of repeated measures, e.g. cell viability of a control group. They are important in 1083 

order to compare the differences between groups (e.g. control vs treatment) as the 1084 

extremes can modify the overall observation (averages) and hide the differences 1085 

between the two groups. For the very same reason, outliers are usually discarded 1086 

when building regression models. A similar concept is used to define the AD of 1087 

QSAR models with the Williams plot, which shows the chemicals whose descriptors 1088 

B 
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have great leverage in the construction of the model. It can also show if predictions 1089 

of a model are extrapolations/outliers. However, in the current case the “outliers” 1090 

indicated as crosses cannot be considered true outliers because the physicochemical 1091 

properties shown in Figure 2.1 are not used to construct any prediction model but to 1092 

characterise the chemical space of the chemicals tested with the ITSv1 DA. They 1093 

can indicate, though, that the chemicals marked as crosses are different from the 1094 

majority of the chemicals tested with respect to the particular physicochemical 1095 

property under examination. For instance, the logP values of the chemicals (see 1096 

Figure 2.1.a) show 2 FNs at logP > 5.0 one of which is also an “outlier” according 1097 

to the boxplot. This shows that for high logP values the method may give FNs and 1098 

that caution must be taken when dealing with this type of chemicals. Similarly, there 1099 

is a chemical with a logWS =-8.0 which is a FN and is also considered an “outlier” 1100 

according to the boxplot. This chemical is tocopherol, which is the same one with a 1101 

logP=6.9, and may therefore be considered out of the applicability domain of the 1102 

ITSv1 DA.  1103 

78. In addition, MW of Figure 2.1.a shows two chemicals with MW>400 g/mol, 1104 

tocopherol (a FN vs LLNA) and Kanamycin sulfate (a FP vs LLNA). The fact that 1105 

the two chemicals are mispredicted in different directions, i.e. one is overpredicted 1106 

as a sensitiser and the other is underpredicted as a non-sensitiser, complicates the 1107 

argument that ITSv1 DA may systematically mispredict chemicals with MW>400 1108 

g/mol; because a systematic misprediction would be in the same direction for all 1109 

cases. Therefore, it can only be stated that these two chemicals are different from the 1110 

majority and that they are mispredicted by the ITSv1 DA. A similar case is MP, 1111 

which shows a FP for one chemical (Kanamycin sulfate) that is an outlier and has a 1112 

MP=196 ºC. It is difficult to rationalise how a MP=196 ºC is a cause for 1113 

misprediction in the ITSv1 while many chemicals with MP~150ºC are properly 1114 

predicted. Therefore, it seems to be a coincidence.  1115 

79. Figure 2.1.b shows logVP(Pa) values of the chemicals tested in the ITSv1 DA. 1116 

It can be observed that there are many chemicals with logVP(Pa)< -15 which are 1117 

also considered “outliers” by the boxplot (marked as “x”) but which are properly 1118 

predicted by the ITSv1 DA (black color). While these chemicals are different from 1119 

the others with respect to their LogVP(Pa) values, there is no evidence in the current 1120 

dataset that they may represent a problem for the model as they are all properly 1121 

predicted. Therefore, it can be stated that chemicals with low logVP can be 1122 

confidently predicted with the ITSv1 DA. A similar situation is observed for boiling 1123 

point for which some chemicals that are considered “outliers” by the boxplot are 1124 

properly predicted by the DA. In this case, it can also be assumed that the ITSv1 can 1125 

properly predict chemicals in these regions of the chemical space. The summary of 1126 

the physicochemical property ranges that describe the chemical space of the 1127 

chemicals tested using the ITSv1 DA and the observations made with respect to logP 1128 

and logWS are shown below. 1129 

Table 2.13. Summary of the physicochemical property ranges that describe the chemical space 1130 
of the chemicals tested using the ITSv1 DA. Properties which were found to be related to 1131 

misclassifications are indicated with an asterisk (*). 1132 

Property Min-Max 

MW(g/mol) 30 - 582 

logP  -1.9 - 6.9* 
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logWS(mol/L) -5.7* - 1.19 

MP(ºC) -114 - 175 

BP(ºC) -19 - 351 

logVP(Pa) -17.1 - 11.6 

pKa 3.5 – 12.9 

 The results show that chemicals with logP > 5.0 may lead to FN predictions in 1133 

the ITSv1 DA 1134 

 The results show that chemicals with logWS(mol/L) < -6.0 may lead to FN 1135 

predictions in the ITSv1 DA 1136 

 Chemicals with MW>400 g/mol were misclassified by the ITSv1 but there is no 1137 

evidence of a systematic overprediction/underprediction of ITSv1 for chemicals 1138 

with MW>400 g/mol 1139 

How to determine if a new molecule is in the known region of the chemical 1140 

space of the ITSv1 DA?  1141 

80. Before performing any test with the ITSv1 DA approach it is recommended to 1142 

check if the molecule has physicochemical properties similar to those of the 1143 

chemicals that have already been tested. The physicochemical properties shown in 1144 

Figure 2.1 may be determined either theoretically by using the OPERA models 1145 

(Mansouri et al.  2018) or experimentally, and one can then check whether the values 1146 

obtained for each property fall within the limits of the corresponding plots of Figure 1147 

2.1 or Table 2.13. Different outcomes may occur: 1148 

  The values fall inside the whiskers of the boxplots of Figure 2.1 1149 

Indicates the query chemical has similar properties to the 105 chemicals tested 1150 

in the ITSv1 DA and no other limitations than those specified here are expected. 1151 

 The values fall inside the limits of the violin plots (see Table 2.13) but outside 1152 

the whiskers of Figure 2.1. 1153 

Indicates that the query chemical has properties different from the majority of 1154 

the 105 chemicals tested in the ITSv1 DA. Limitations associated with logP and 1155 

logWS may affect the result (see Table 2.13). 1156 

 The values fall outside the limits of the violin plots 1157 

Indicates the query chemical has properties different from those of the 105 1158 

chemicals tested in the ITSv1 DA. It is unknown whether these properties may 1159 

influence the result and lead to a misprediction.  1160 

Chemical reactivity domain of tested chemicals 1161 

81. The chemical reactivity domains covered by the chemicals tested using the 1162 

ITSv1 DA were determined with the OECD Toolbox 4.3 using the profiler “Protein 1163 

binding alerts for skin sensitisation by OASIS” v1.7. The 105 chemicals tested cover 1164 

the following reaction domains:  1165 
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Table 2.14. List of chemical reactivity domains found for the chemicals tested using the ITSv1 1166 
DA 1167 

Chemical reactivity domain 
Number of 

Chemicals 

Acylation 8* 

Michael Addition 17* 

No alert found 55 

Nucleophilic addition 1 

Schiff base formation 16* 

SN2 10* 

SNAr 1 

Ionic interaction 0 

Radical reactions 0 

SN1 0 

SN2Ionic 0 

SNVynil 0 

Total 108 

 1168 

Note:* Iodopropynyl butylcarbamate and benzyl salicylate were categorised as Acylation and SN2, and p-Mentha-1,8-dien-7-1169 
al was categorised as Michael addition + Schiff base. Therefore, 105 chemicals were classified in 108 categories as the three 1170 
chemicals classified in more than one category were counted in each category. 1171 
 1172 

82. The distribution of these chemicals in the different chemical reactivity domains 1173 

is shown in Figure 2.2. It is observed that the most populated domain in Figure A 1174 

and B is the “No alert found” group, which corresponds to the chemicals for which 1175 

no protein binding alerts for skin sensitisation were found. It can also be observed 1176 

that this group holds the majority of FNs and FPs, showing that this type of 1177 

chemicals is difficult not only for the ITSv1 DA but also for the LLNA. For a more 1178 

detailed analysis on the performances of each chemical reactivity domain and their 1179 

FNs and FPs see Section 5. 1180 

Figure 2.2. Bar plot of the distribution of the set chemicals tested using the ITSv1 DA in 1181 
chemical reactivity domains determined by the OECD Toolbox profiler “Protein binding alerts 1182 

for skin sensitisation by OASIS” v1.7.  1183 

FN predictions are shown in red, FP predictions in blue, and TN/TP predictions in grey. The y 1184 
axis indicates the number of chemicals of each chemical reactivity domain. Figure A shows the 1185 
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distribution of the 105 chemicals tested with the ITSv1 vs LLNA, and Figure B shows the 1186 
distribution of the 76 chemicals out of 105 for which LLNA and human data were available.  1187 

       1188 

                                                                                                                                                  1189 

2.5.2. ITSv2 1190 

Physicochemical properties of tested chemicals 1191 

83. The properties that were considered relevant for skin sensitisation and agreed 1192 

upon by the expert group to be used to characterize the chemical space were: 1193 

molecular weight (MW), boiling point (BP), melting point (MP), vapour pressure 1194 

(VP), octanol-water partition coefficient (logP), water solubility (WS), and pKa. The 1195 

distributions of the values of these properties for the 105 chemicals tested so far 1196 

using the ITSv2 DA are shown in Figure 2.3. The chemicals are colour-coded in 1197 

order to indicate the predictions of the DA that are FP (blue) or FN (red) with respect 1198 

to the LLNA data. The rest of chemicals are shown in grey.  1199 

Figure 2.3. Physicochemical properties that describe the chemicals that have been tested using 1200 
ITSv2 DA (composed of DPRA, h-CLAT, and Derek).  1201 

For individual data points, FP or FN with respect to LLNA were colour-coded in blue and red, 1202 
respectively. The density distribution of the chemical values for each property is also plotted 1203 
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(violin plot), as well as the corresponding box-plots. The “outliers”, as defined by the boxplot, are 1204 
indicated with a “x”. 1205 

A) From top to bottom: molecular weight (MW (g/mol)), octanol-water partition coefficient (logP), 1206 
water solubility (logWS(mol/L)), melting point (MP (ºC))  1207 

 1208 
 1209 

A 
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B) From top to bottom: boiling point (BP (ºC)), vapour pressure (log(VP(Pa)), and lowest pKa. 1210 

 1211 
Note: The ranges of the properties shown in Figure 2.3 are summarized in Table 2.15.  1212 
Source: All properties were obtained using the validated OPERA model (Mansouri et al., 2018). 1213 
 1214 

84. Figure 2.3 shows the distribution of physicochemical properties of the chemicals 1215 

tested with the ITSv2 DA, which is very similar to Figure 2.1 (distribution of 1216 

physicochemical properties of chemicals tested in the ITSv1 DA). The values for 1217 

each property for each chemical are shown as a dot plot and the distribution of the 1218 

values is shown as a violin plot (light blue area). In addition, the corresponding 1219 

boxplot is superposed on the violin plot, which provides the median (dashed vertical 1220 

line inside the box), 1st and 3rd quartiles (limits of the box) and the “lower limit” and 1221 

“upper limit” values (whiskers of the boxplot). The “lower limit” and “upper limit” 1222 

values of a boxplot separate the “outliers” (indicated as crosses) from the inliers of 1223 

a dataset. The outliers are simply the “extremes” of the data which are found at an 1224 

abnormal distance from other values and are defined as follows:  1225 

Lower limit= 1st Quartile – 1.5 x interquartile distance 1226 

Upper limit= 3rd Quartile + 1.5 x interquartile distance  1227 

 1228 

85. In statistics, outliers are usually defined as abnormal values (errors) within a set 1229 

of repeated measures, e.g. cell viability of a control group. They are important in 1230 

order to compare the differences between groups (e.g. control vs treatment) as the 1231 

extremes can modify the overall observation (averages) and hide the differences 1232 

between the two groups. For the very same reason, outliers are usually discarded 1233 

when building regression models. A similar concept is used to define the AD of 1234 

B 
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QSAR models with the Williams plot, which shows the chemicals whose descriptors 1235 

have great leverage in the construction of the model. It can also show if predictions 1236 

of a model are extrapolations/outliers. However, in the current case the “outliers” 1237 

indicated as crosses cannot be considered true outliers because the physicochemical 1238 

properties shown in Figure 2.3 are not used to construct any prediction model but to 1239 

characterise the chemical space of the chemicals tested with the ITSv2 DA. They 1240 

can indicate, though, that the chemicals marked as crosses are different from the 1241 

majority of the chemicals tested with respect to the particular physicochemical 1242 

property under examination. For instance, the logP values of the chemicals (see 1243 

Figure 2.3.a) show 2 FNs at logP > 5.0 one of which is also an “outlier” according 1244 

to the boxplot. This shows that for high logP values the method may give FNs and 1245 

that caution must be taken when dealing with this type of chemicals. Similarly, there 1246 

is a chemical with a logWS =-8.0 which is a FN and is also considered an “outlier” 1247 

according to the boxplot. This chemical is tocopherol, which is the same one with a 1248 

logP=6.9, and may therefore be considered out of the applicability domain of the 1249 

ITSv2 DA.  1250 

86. In addition, MW of Figure 2.3.a shows two chemicals with MW>400 g/mol, 1251 

tocopherol (a FN vs LLNA) and Kanamycin sulfate (a FP vs LLNA). The fact that 1252 

the two chemicals are mispredicted in different directions, i.e. one is overpredicted 1253 

as a sensitiser and the other is underpredicted as a non-sensitiser, complicates the 1254 

argument that ITSv2 DA may systematically mispredict chemicals with MW>400 1255 

g/mol; because a systematic misprediction would be in the same direction for all 1256 

cases. Therefore, it can only be stated that these two chemicals are different from the 1257 

majority and that they are mispredicted by the ITSv2 DA. A similar case is MP, 1258 

which shows a FP for one chemical (Kanamycin sulfate) that is an outlier and has a 1259 

MP=196 ºC. It is difficult to rationalise how a MP=196 ºC is a cause for 1260 

misprediction in the ITSv2 while many chemicals with MP~150ºC are properly 1261 

predicted. Therefore, it seems to be a coincidence. Figure 1.1.b shows logVP(Pa) 1262 

values of the chemicals tested in the ITSv2 DA. It can be observed that there are 1263 

many chemicals with logVP(Pa)< -15 which are also considered “outliers” by the 1264 

boxplot (marked as “x”) but which are properly predicted by the ITSv2 DA (black 1265 

color). While these chemicals are different from the others with respect to their 1266 

LogVP(Pa) values, there is no evidence in the current dataset that they may represent 1267 

a problem for the model as they are all properly predicted. Therefore, it can be stated 1268 

that chemicals with low logVP can be confidently predicted with the ITSv2 DA. A 1269 

similar situation is observed for boiling point for which some chemicals that are 1270 

considered “outliers” by the boxplot are properly predicted by the DA. In this case, 1271 

it can also be assumed that the ITSv2 can properly predict chemicals in these regions 1272 

of the chemical space. The summary of the physicochemical property ranges that 1273 

describe the chemical space of the chemicals tested using the ITSv2 DA and the 1274 

observations made with respect to logP and logWS are shown below. 1275 

Table 2.15. Summary of the physicochemical property ranges that describe the chemical space 1276 
of the chemicals tested using the ITSv2 DA. Properties which were found to be related to 1277 

misclassifications are indicated with an asterisk (*). 1278 

Property Min-Max 

MW(g/mol) 30 - 582 

logP  -1.9 - 6.9* 

logWS(mol/L) -5.7* - 1.19 
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MP(ºC) -114 - 175 

BP(ºC) -19 - 351 

logVP(Pa) -17.1 - 11.6 

pKa 3.5 – 12.9 

 1279 

 The results show that chemicals with logP > 5.0 may lead to FN predictions in 1280 

the ITSv2 DA 1281 

 The results show that chemicals with logWS(mol/L) < -6.0 may lead to FN 1282 

predictions in the ITSv2 DA 1283 

 Chemicals with MW>400 g/mol were misclassified by the ITSv2 but there is no 1284 

evidence of a systematic overprediction/underprediction of ITSv2 for chemicals 1285 

with MW>400 g/mol 1286 

How to determine if a new molecule is in the known region of the chemical 1287 

space of the ITSv2 DA?  1288 

87. Before performing any test with the ITSv2 DA approach it is recommended to 1289 

check if the molecule has physicochemical properties similar to those of the 1290 

chemicals that have already been tested. The physicochemical properties shown in 1291 

Figure 2.3 may be determined either theoretically by using the OPERA models 1292 

(Mansouri et al.  2018) or experimentally, and one can then check whether the values 1293 

obtained for each property fall within the limits of the corresponding plots of Figure 1294 

2.3 or Table 2.15. Different outcomes may occur: 1295 

  The values fall inside the whiskers of the boxplots of Figure 2.3 1296 

Indicates the query chemical has similar properties to the 105 chemicals tested 1297 

in the ITSv2 DA and no other limitations than those specified here are expected. 1298 

 The values fall inside the limits of the violin plots (see Table 2.15) but outside 1299 

the whiskers of Figure 2.3. 1300 

Indicates that the query chemical has properties different from the majority of 1301 

the 105 chemicals tested in the ITSv2 DA. Limitations associated with logP and 1302 

logWS may affect the result (see Table 2.15). 1303 

 The values fall outside the limits of the violin plots 1304 

Indicates the query chemical has properties different from those of the 105 1305 

chemicals tested in the ITSv2 DA. It is unknown whether these properties may 1306 

influence the result and lead to a misprediction.  1307 

Chemical reactivity domain of tested chemicals 1308 

88. The chemical reactivity domains covered by the chemicals tested using the 1309 

ITSv2 DA were determined with the OECD Toolbox 4.3 using the profiler “Protein 1310 

binding alerts for skin sensitisation by OASIS” v1.7. The 105 chemicals tested cover 1311 

the following reaction domains:  1312 
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Table 2.16. List of chemical reactivity domains found for the chemicals tested using the ITSv2 1313 
DA 1314 

Chemical reactivity domain 
Number of 

Chemicals 

Acylation 8* 

Michael Addition 17* 

No alert found 55 

Nucleophilic addition 1 

Schiff base formation 16* 

SN2 10* 

SNAr 1 

Ionic interaction 0 

Radical reactions 0 

SN1 0 

SN2Ionic 0 

SNVynil 0 

Total 108 

 1315 

Note:* Iodopropynyl butylcarbamate and benzyl salicylate were categorised as Acylation and SN2, and p-Mentha-1,8-dien-7-1316 
al was categorised as Michael addition + Schiff base. Therefore, 105 chemicals were classified in 108 categories as the three 1317 
chemicals classified in more than one category were counted in each category. 1318 
 1319 

89. The distribution of these chemicals in the different chemical reactivity domains 1320 

is shown in Figure 2.4. It is observed that the most populated domain in Figure A 1321 

and B is the “No alert found” group, which corresponds to the chemicals for which 1322 

no protein binding alerts for skin sensitisation were found. It can also be observed 1323 

that this group holds the majority of FNs and FPs, showing that this type of 1324 

chemicals is difficult not only for the ITSv2 DA but also for the LLNA. For a more 1325 

detailed analysis on the performances of each chemical reactivity domain and their 1326 

FNs and FPs see Section 5. 1327 

Figure 2.4. Bar plot of the distribution of the set chemicals tested using the ITSv2 DA in 1328 
chemical reactivity domains determined by the OECD Toolbox profiler “Protein binding alerts 1329 

for skin sensitisation by OASIS” v1.7.  1330 

FN predictions are shown in red, FP predictions in blue, and TN/TP predictions in grey. The y axis 1331 
indicates the number of chemicals of each chemical reactivity domain. Figure A shows the distribution of 1332 
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the 105 chemicals tested with the ITSv2 vs LLNA, and Figure B shows the distribution of the 76 1333 
chemicals out of 105 for which LLNA and human data were available.  1334 

1335 

                                                                                                                                          1336 

 1337 

2.5.3. Limitations:  1338 

90. The strengths and limitations on individual test methods are described in the 1339 

individual data sources (see GD 256 Annex II). Chemicals that fall outside the 1340 

applicability domains of the DPRA and h-CLAT do not fall within the applicability 1341 

domain of ITSv1 or ITSv2. 1342 

2.6. Complexity: Data Interpretation Procedure 1343 

91. The quantitative parameters or outcomes of the individual test methods are 1344 

assigned to scores, by modifying the weight of evidence approach proposed by 1345 

Jowsey et al. (2006) and Natsch et al. (2009) in order to define a sensitising potential 1346 

and potency of a substance. The quantitative parameters of h-CLAT and DPRA are 1347 

converted into a score from 0 to 3 as shown in Figure 2.5 (ITSv1) and Figure 2.6. 1348 

(ITSv2). The thresholds for the scores from 0 to 3 were set in order to span the whole 1349 

dynamic range on the individual assays and were also derived from the values 1350 

needed for significant results. For h-CLAT, the minimum induction thresholds 1351 

(MITs) are converted to a score from 0 to 3 based on the cutoffs of 10 and 150 μg/ml. 1352 

For DPRA, the mean percent depletion for the cysteine and lysine peptides is 1353 

converted to a score from 0 to 3, based on OECD TG 442C. In cases where co-1354 
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elution occurs only with the lysine peptide, the depletion for only cysteine peptides 1355 

is converted to a score from 0 to 3. In ITSv1, for DEREK Nexus, an alert is assigned 1356 

a score of 1; absence of an alert was assigned a score of 0. Having only an alert 1357 

outcome is regarded as not sufficient evidence to predict a test substance as a 1358 

sensitiser. Similarly, in ITSVv2, an OECD Toolbox sensitizer prediction based on 1359 

structural analogues (see Appendix C) yields a score of 1; a non-sensitizer prediction 1360 

is assigned a score of 0. When the sum of these scores have been assessed, a total 1361 

battery score from 0 to 7, calculated by summing the individual scores, is used to 1362 

predict the sensitising potential (hazard identification; sensitisers vs non-sensitisers) 1363 

and potency (three rank classes: 1A, 1B, NC). The positive criteria are set as a total 1364 

battery score of 2 or greater. Furthermore, a total battery score is classified into three 1365 

ranks: score of 6-7 is defined as a 1A (strong) sensitiser; score of 5, 4, 3, or 2, 1B 1366 

(weak) sensitiser; score of 1 or 0, not-classified. The summed score yields a 1367 

qualitative result (positive/negative and three rank classes). 1368 

Figure 2.5. Schematic of the “ITSv1” defined approach.  1369 

The DA is a simple score-based system depending on assays from OECD TG 442E and 442C, 1370 
and the Derek in silico structural alert-based prediction, as shown. 1371 

 1372 

 1373 
Potency:  Total Battery Score 1374 

Strong (1A):  6-7 1375 

Weak (1B):   2-5 1376 

Not classified: 0-1 1377 

Source: Adapted from Takenouchi et al. 2015A 1378 

 1379 

Figure 2.6. Schematic of the updated “ITSv2” defined approach.  1380 

The DA is a simple score-based system depending on assays from OECD TG 442E and 442C, 1381 
and the open-source OECD Toolbox in silico structural analogue-based prediction, as shown. 1382 

 1383 
Potency:  Total Battery Score 1384 

Strong (1A):  6-7 1385 

OECD	TB
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Weak (1B):   2-5 1386 

Not classified: 0-1 1387 

2.7. Transparency: Availability of Elements for Review 1388 

92. All elements of this DA are available for review. Please see individual OECD 1389 

test guidelines, OECD Guidance Document 256, and additional background 1390 

materials.  1391 
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3.  Evaluation of LLNA uncertainty and reproducibility 1437 

93. The Local Lymph Node Assay (LLNA) is the in vivo animal reference test used 1438 

for benchmarking the predictive performance of skin sensitisation DAs. 1439 

94. This document reports an assessment of the LLNA reproducibility using a 1440 

probabilistic approach to complement published comprehensive analyses (Dumont 1441 

et al. 2016; Hoffmann 2015; Roberts et al. 2016) on the inherent variability of the 1442 

LLNA. The variability of the animal data has to be considered in the evaluation of 1443 

the uncertainties when comparing DAs predictions to the benchmark animal 1444 

predictions. 1445 

95. For the purpose of the analyses the NICEATM LLNA database was 1446 

complemented with additional published data and data kindly submitted by the 1447 

European Chemicals Agency (ECHA), Cosmetics Europe and the International 1448 

Fragrance Association (IFRA). The final database, stored as an Excel file, contains 1449 

1613 records (rows) for 704 unique chemicals/mixtures that can be identified by 1450 

CAS registry numbers. 1451 

96. For the purpose of the analyses reported in this document the following was 1452 

considered:  1453 

 Number of POSitive classifications for given chemical2 1454 

 Number of NEGative classifications for given chemical2 1455 

 Number of times chemicals were identified as 1A class, i.e. when EC3 <=2 1456 

 Number of times chemicals were identified as 1B class, i.e. when EC3 >2 1457 

 For the evaluation of LLNA reproducibility, the set of 81 chemicals where 3 or 1458 

more classifications (POS/NEG) are present was identified 1459 

3.1 LLNA Reproducibility evaluation: probabilistic approach 1460 

97. The analysis of the reproducibility is based on 81 chemical for which three or 1461 

more independent studies resulting in POS or NEG classifications are available. 1462 

98. The following approach was used for the analysis: 1463 

 Based on the number of POS and NEG classifications, the sample probability of 1464 

getting POS classification is calculated based on the distribution of 1465 

classifications from existing data.  1466 

 Example: for the 3rd record in the excel table, CAS 2468-63-1, number of POS 1467 

is 1 and the number of NEG is 3.  Estimated probability to obtain POS 1468 

classification is therefore 1/(1+3)=0.25 and therefore for NEG is (1-0.25)=0.75. 1469 

See column M and N. Then 1470 

o the probability to obtain 3 POS classifications is 0.25^3, 1471 

                                                      
2 Note: the number of POS and NEG classifications does not always equal the number of records for a specific 

chemical as sometimes the classification is missing. 
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o the probability to obtain 3 NEG classifications is (1-0.25)^3 and 1472 

o total reproducibility is 0.25^3 + (1-0.25)^3=0.438 (column P) 1473 

 1474 

 The resulting LLNA reproducibility for three concordant classifications is 1475 

obtained as an average over all 81 chemicals, i.e. 1476 

o 67.3%  to get 3 POS classifications; 1477 

o 15.4%  to get 3 NEG classifications; 1478 

o 82.3%  to get 3 POS or 3 NEG classifications. 1479 

3.1.1. Binary Hazard Classification (POS/NEG) 1480 

 Define True LLNA positive chemical where the number of POS classifications 1481 

is greater than the number of NEG classifications.  1482 

 There are  61 true LLNA positive chemicals(75.3% of 81) 1483 

 The (estimated) probability  to obtain three  1484 

 POS classifications is 88.6%; 1485 

 NEG classifications is 0.6%; 1486 

 Let's define True LLNA negative chemical where the number of NEG 1487 

classifications is greater than the number of POS classifications.  1488 

 There are  18 true LLNA negative chemicals 1489 

 The (estimated) probability  to obtain three  1490 

o POS classifications is 1.3%; 1491 

o NEG classifications is 65.8%; 1492 

Table 3.1. LLNA Reproducibility for binary hazard classification 1493 

 1494 

 probability to 
get 3x POS 

probability to 
get 3x NEG 

overall 
number of 
chemicals 

all 67.3% 15.3% 82.6% 81 

POS>NEG 88.6% 0.6% 89.1% 61 

POS<NEG 1.3% 65.8% 67.1% 18 
 1495 

3.1.2. GHS Potency Classifications (POS 1A/POS 1B/NEG) 1496 

 Define True LLNA 1A positive chemical where 1497 

‒ the number of POS classifications is greater than the number of NEG 1498 

classifications, and 1499 

‒ the number of 1A classifications is greater than the number of 1B 1500 

classifications, and 1501 
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‒ the number of POS classifications is equal to sum of 1A and 1B 1502 

classifications. 1503 

o There are  29 true LLNA 1A positive chemicals 1504 

o The (estimated) probability  to obtain three  1505 

‒ POS 1A classifications is 73.1%; 1506 

‒ POS 1B classifications is 0.4%; 1507 

‒ NEG classifications is 0.8%; 1508 

 Define True LLNA 1B positive chemical where 1509 

‒ the number of POS classifications is greater than the number of NEG 1510 

classifications, and 1511 

‒ the number of 1B classifications is greater than the number of 1A 1512 

classifications, and 1513 

‒ the number of POS classifications is equal to sum of 1A and 1B 1514 

classifications. 1515 

o There are  19 true LLNA 1B positive chemicals 1516 

o The (estimated) probability  to obtain three  1517 

‒ POS 1B classifications is 71.1%; 1518 

‒ POS 1A classifications is 0.8%; 1519 

‒ NEG classifications is 0.2%; 1520 

 Define True LLNA negative  chemical where 1521 

‒ the number of NEG classifications is greater than the number of POS 1522 

classifications, and 1523 

‒ the number of POS classifications is equal to sum of 1A and 1B 1524 

classifications. 1525 

o There are  15 true LLNA negative chemicals 1526 

o The (estimated) probability  to obtain three  1527 

‒ POS 1B classifications is 0.2%; 1528 

‒ POS 1A classifications is 0.8%; 1529 

‒ NEG classifications is 85.0%; 1530 
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Table 3.2. The probability of obtaining concordant categorizations. 1531 

Concordance (GHS sub-classification schema) based on all 81 chemicals with three or more 1532 
independent study results, and based on various subsets of those chemicals fulfilling the 1533 

conditions outlined below. 1534 

 1535 

 

probability 
to get 3x 

1A 

probability 
to get 3x 1B 

probability to get 
3x NEG 

overall 

number of 
chemicals 

all 29.5% 23.0% 17.6% 70.1% 81 
only full 

records (POS = 
1A+1B) 

32.2% 21.1% 16.6% 69.9% 68 

only full 
records and 

POS>NEG 
42.3% 28.0% 2.5% 72.8% 51 

only full 
records and 

POS<NEG 
0.8% 0.2% 85.0% 86.0% 15 

only full 
records and 

POS>NEG and 
1A >1B 

73.1% 0.4% 0.8% 74.4% 29 

only full 
records and 

POS>NEG and 
1A<1B 

0.8% 69.9% 0.2% 70.9% 20 

Note: LLNA Reproducibility for GHS classifications, based on various prior conditions. 1536 
 1537 

99. The request to undertake a thorough review of the LLNA studies available for 1538 

the 128 reference substances, the "Cosmetics Europe 128 database", to increase 1539 

confidence in the final in vivo animal classifications, was made by the Expert Group 1540 

on Defined Approaches for Skin Sensitisation (DASS) during a face-to-face meeting 1541 

at the OECD premises in December 2018. Study exclusion criteria were agreed upon 1542 

by the expert group in subsequent teleconferences and applied to the database to 1543 

remove all sources of variability that could be identified and establish a set of 1544 

reference chemicals for comparison of DA performance. The re-analyses of the 1545 

LLNA reproducibility using the highly curated LLNA data indicated that all possible 1546 

sources of variability had been removed. 1547 

3.2. References 1548 
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Assay (LLNA) variability for assessing the prediction of skin sensitisation  potential 1550 
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4.  Evaluation of skin sensitisation DA uncertainty and reproducibility 1564 

100. The objective of this analysis is to evaluate the uncertainty associated 1565 

with the performance of skin sensitisation individual methods (DPRA, 1566 

Keratinosens™, h-CLAT) and defined approaches (2 out of 3, ITSv1, ITSv2) using 1567 

a bootstrap approach to assess the reproducibility of each information source, and 1568 

how that propagates to the DA overall. 1569 

101. The evaluation is based on 24 chemicals reported in Table 4.1 for which 1570 

multiple results from the validation studies are available and are therefore suitable 1571 

for reproducibility analysis. The reference benchmark is the Local Lymph Node 1572 

Assay (LLNA) classification as defined by the management team of the validation 1573 

study of the individual methods (LLNA column in Table 4.1). 1574 

102. The classical approach to evaluation of accuracy, specificity and 1575 

sensitivity uses single (aggregated, mode based) predictions and calculates the 1576 

proportion of matches with respect to the LLNA benchmark classification. The 1577 

results of the classical approach are shown in Table 4.2 and are based on validation 1578 

predictions reported in Table 4.1. It has to be noted that for 8 chemicals (out of 24) 1579 

in silico Derek and Toolbox predictions were not available. Therefore performance 1580 

calculations for ITSv1 and ITSv2 are not based on the full dataset. 1581 

 1582 

 1583 

  1584 
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Table 4.1. List of 24 chemicals and multiple predictions (call) used for evaluation 

Prediction (call) for individual methods are derived from validation study data (OECD TG 442C, 442D, 442E).  DA predictions are derived by applying the associated data 

interpretation procedure (DIP) to predictions from a single method.  [S=positive prediction, NS=non-sensitiser (i.e. a negative prediction), call=final prediction based on 

majority rule, ND=not determined].  For the call for the Defined Approaches based on the integration of the single in vitro methods, 0 = non-sensitiser, 1 = sensitiser.  

  

 
 Single methods 

  CHEMICALS CAS# LLNA DPRA KeratinoSens h-CLAT 

   call S NS call S NS call S NS call 

1 Benzyl alcohol 100-51-6 0 1 2 0 0 2 0 4 0 1 

2 Methyl salicylate 119-36-8 0 4 5 0 0 2 0 6 6 ND 

3 Dimethyl isophthalate 1459-93-4 0 0 9 0 3 1 1 1 11 0 

4 4-Aminobenzoic acid 150-13-0 0 0 9 0 0 3 0 0 12 0 

5 Glycerol 56-81-5 0 0 3 0 0 15 0 0 4 0 

6 2,4-Dichloronitrobenzene 611-06-3 0 0 3 0 4 0 1 4 0 1 

7 Isopropanol 67-63-0 0 0 9 0 0 15 0 0 12 0 

8 Nickel Chloride 7718-54-9 0 3 6 0 3 0 1 12 0 1 

9 Benzyl cinnamate 103-41-3 1 1 8 0 2 0 1 4 8 0 

10 Xylene 1330-20-7 1 1 8 0 0 3 0 4 8 0 

11 Imidazolidinyl urea 39236-46-9 1 3 0 1 3 1 1 4 0 1 

12 Limonene 5989-27-5 1 8 1 1 1 2 0 12 0 1 

13 Methylmethacrylate 80-62-6 1 3 0 1 3 0 1 0 4 0 

14 Benzyl salicylate 118-58-1 1 3 6 0 2 0 1 5 7 0 

15 2-Mercaptobenzothiazole 149-30-4 1 9 0 1 15 0 1 12 0 1 

16 2-Methoxy-4-propyl-phenol (Dihydroeugenol) 2785-87-7 1 1 2 0 2 0 1 4 0 1 

17 Thioglycerol 96-27-5 1 3 0 1 1 3 0 4 0 1 

18 1,4-Phenylenediamine 106-50-3 1 3 0 1 15 0 1 4 0 1 

19 Chloramine T 127-65-1 1 9 0 1 3 0 1 12 0 1 
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20 Formaldehyde 50-00-0 1 9 0 1 2 0 1 10 2 1 

21 Chlorpromazine 69-09-0 1 0 9 0 0 3 0 11 1 1 

22 Berillium sulfate 7787-56-6 1 3 6 0 0 3 0 5 7 0 

23 p-Benzoquinone 106-51-4 1 3 0 1 4 0 1 4 0 1 

24 5-Chloro-2-methyl-4-isothiazolin-3-one (MCI) 26172-55-4 1 9 0 1 15 0 1 11 1 1 



62 │ CHAPTER TITLE 
 

 © OECD 2019 
  

Table 4.2. Accuracy, specificity and sensitivity values calculated using the majority rule of 

predictions in Table 4.1 

 

 vs. LLNA 

 accuracy specificity sensitivity 

DPRA 75.0% 100.0% 62.5% 

KeratinoSens 66.7% 62.5% 68.8% 

h-CLAT 62.5% 50.0% 68.8% 

2 out of 3 70.8% 75.0% 68.8% 

ITSv1 73.9% 100% 62.5% 

ITSv2 69.6% 85.7% 62.5% 

 

103. The classical approach however is not straightforward for the evaluation 

of reproducibility and doesn't take into account the underlying variability of 

reference LLNA data. This approach also does not consider the human data as the 

basis for comparison. 

4.1. Defined Approach Reproducibility Evaluation 

104. A recognised statistical approach for evaluating reproducibility is to 

apply a bootstrap approach. Bootstrap is a simple statistical technique that is based 

on resampling of existing data. Bootstrap replicates are generated for the individual 

information sources, the data interpretation procedures (DIP) are applied for the 

DAs, and resulting concordance is evaluated. This is repeated over 100.000 

iterations and averaged. Figure 4.1 and Table 4.3 demonstrate the distribution of the 

reproducibility for each individual assay and the DAs. It has to be noted that for 8 

chemicals (out of 24) in silico Derek and Toolbox predictions were not available. 

Therefore reproducibility calculations for ITSv1 and ITSv2 are not based on the full 

dataset. 
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Figure 4.1. Distribution of the reproducibility based on 100.000 Bootstrap replicates. 

 

Note: the calculation of the reproducibility for ITSv1 and ITSv2 is not based on the full dataset 

4.2.  Defined Approaches Performance Evaluation: impact of uncertainty 

105. A recognised method for incorporating uncertainty assessment into 

performance evaluation is also to apply a bootstrap approach. Here, bootstrap was 

used to produce a distribution of DA predictions based on 100,000 replicates and 

compared to LLNA and human reference data.  

106. Example: Multiple predictions obtained by individual methods for 

Benzyl alcohol are reported in the first row of Table 4.1. For the DPRA method there 

are three classifications available based on existing data, i.e. 1 positive (S) and 2 

negative (NS). Bootstrap allows generation of "new" data either S or NS. The 

probability of generating S is proportional to the occurrence of S in existing data, 

i.e. 1/3.  Therefore, bootstrap can be used to generate an arbitrarily large number of 

"new" classifications where the frequency of S will be 1/3(33.3%) whereas NS 2/3 

(66.6%). 

107. Bootstrap is used to generate a full matrix of classifications for three 

single methods by resampling the data for all 24 chemicals obtained in ECVAM 
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validation trials. Resampling is repeated 100.000 times and resulting performance 

measures are averaged across 100.000 bootstrap replicates.   

108. The resulting performance values are reported in Tables 4.3.  

 

Table 4.3. Performance measures based on 100.000 Bootstrap replicates, of individual methods 

and DA against LLNA classifications 

    

 

 

   vs. LLNA 

  reproducibility accuracy specificity sensitivity 

DPRA 79.3% 75.0% 86.1% 69.5% 

KeratinoSens 90.2% 69.1% 65.6% 70.8% 

hClat 80.6% 69.1% 55.2% 76.1% 

2of3 

joint testing 85.6% 72.9% 67.3% 75.8% 

sequential       

DPRA and Keratinosens, hClat 85.6% 72.9% 67.3% 75.8% 

DPRA and hClat, Keratinosens 85.6% 72.9% 67.3% 75.8% 

hClat and Keratinosens, DPRA 85.6% 72.9% 67.3% 75.8% 

ITS v1 73.8% 71.5% 54.1% 80.2% 

ITS v2 78.6% 70.2% 53.1% 78.7% 

Note: performance measures for the ITSv1 and ITSv2 are not based on the full dataset 

 

 

109. The 2 out of 3 defined approach can be practically implemented by 

testing two arbitrary selected methods and testing the third if different classifications 

are obtained with the first two methods. The arbitrary selection of the first two 

methods has no impact on the performance measures, as demonstrated in Table 4.4 

below where the impact of the arbitrary choice of the first two methods in the 2 out 

of 3 DA as the expected occurrence of the third test being needed is summarised. 

The associated theoretical proof is summarised in Section 5.2.1. 

 

Table 4.4. Impact of the arbitrary choice of the first two methods in the 2of3 DA  

first two tested 
third method  

if needed 

first two test are 

sufficient to classify 
third method is needed 

DPRA KeratinoSens h-CLAT 68.8% 31.2% 

DPRA h-CLAT KeratinoSens 68.5% 31.5% 

KeratinoSens h-CLAT DPRA 66.5% 33.5% 
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4.2.1. Theoretical Proof of Impact of Sequential Testing for 2 out of 3 DA 

110. Denote by 𝑝1, 𝑝2, 𝑝3   the probability of obtaining outcome 1 (e.g. sensitizer) 

by method 1, 2 and 3. 

111. By using the three methods at the same time and applying 2 out of 3 approach, 

see Table 5.6, the probability of getting outcome 1 in final call is 

𝑝1𝑝2𝑝3  +  (1 − 𝑝1)𝑝2𝑝3 +  𝑝1(1 − 𝑝2)𝑝3  +   𝑝1𝑝2(1 − 𝑝3 ) =  
𝑝1𝑝2  +   𝑝1𝑝3 +  𝑝2𝑝3 − 2 𝑝1𝑝2𝑝3 

 

Table 4.4. 2 out of 3, three methods at the same time 

method 1 method 2 method 3   final call 

0 0 0 → 0 

0 0 1 → 0 

0 1 0 → 0 

0 1 1 → 1 

1 0 0 → 0 

1 0 1 → 1 

1 1 0 → 1 

1 1 1 → 1 

 

112. By using the three methods sequentially, see Table 5.7, the probability of 

getting outcome 1 in final call is 

𝑝1𝑝2  +  (1 − 𝑝1)𝑝2𝑝3 + 𝑝1(1 − 𝑝2)𝑝3 =  
𝑝1𝑝2  +   𝑝1𝑝3 +  𝑝2𝑝3 − 2 𝑝1𝑝2𝑝3 

 

 

Table 4.5. 2 out of 3 Sequential testing. 

method 1 method 2         final call 

1 1 → 1 

0 0 → 0 

1 0 → use 3rd method 
1 → 1 

0 → 0 

0 1 → use 3rd method 
1 → 1 

0 → 0 

113. Results:  The expression for probability of getting outcome 1 in final call is 

exactly the same and independent of joint or sequential testing. 
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5.  Detailed performance analysis of individual methods and DAs against LLNA 

114. This section analyses the performance of the individual methods DPRA, 

hCLAT, and KeratinoSens, and that of the DAs built using some of these methods, against 

the curated LLNA reference data, and provides a comparison with human classifications 

where available for additional context. The following methods and DAs were analysed:  

 DPRA 

 hCLAT 

 KeratinoSensTM 

 2 out of 3 DA (referred to herein as 2o3) 

 ITSv1 DA (uses Derek) 

 ITSv2 DA (uses OECD Toolbox) 

 

115. The performance of these methods with respect to the whole dataset and by 

reactivity domain, as well as with respect to their status as pre/pro-haptens, is presented in 

the next chapters, with a specific focus on false negative and false positive predictions. The 

analyses are meant to provide considerations and support recommendations regarding the 

use of the different DAs based on the performance observed in this dataset and their specific 

reactivity domains. 

5.1. Chemical reactivity domain 

116. The chemicals present in the dataset were categorized into the reactivity 

domains defined by the OECD QSAR Toolbox 4.3 profiler named “Protein binding alerts 

for skin sensitization by OASIS” v1.7. The performance of the DAs and individual methods 

was analysed for each of the domains to find trends and subgroups of chemicals for which 

specific methods/DAs could give better results. 

117. The protein binding alerts are a set of chemical fragments and rules that are 

known to be related to skin sensitization via a specific covalent binding mechanism with a 

skin protein, the molecular initiating event of the adverse outcome pathway. The profiler 

analyses the structure of the query chemicals in search of those fragments. When a fragment 

is found and the rules fulfilled the chemical is categorized as belonging to the associated 

chemical reactivity domain. The profiler also accounts for incapability of some chemicals 

having an alert to interact with skin due to electronic and steric factors. This is explicitly 

defined by inhibition masks associated with some alerts. The profiler consists of a list of 

110 structural alerts associated to 11 mechanistic domains. It was developed by industry 

consortia involving ExxonMobil, Procter&Gamble, Unilever, Research Institute for 

Fragrance Materials (RIFM), Dow and Danish National Food Institute with the Laboratory 

of Mathematical Chemistry Bourgas and the partnership of Dr D.Roberts, as a part of the 

TIMES model to predict skin sensitisation. The profiling of the entire reference chemical 

dataset gave the following results: 

 

Table 5.6. Distribution of chemicals into the chemical reactivity domain groups defined by the profiler 

Chemical reactivity domain 
Number of 

Chemicals3 

Acylation 8 

                                                      
3 Iodopropynyl butylcarbamate and benzyl salicylate were categorised as Acylation and SN2, and p-

Mentha-1,8-dien-7-al was categorised as Michael addition + Schiff base. Therefore, 108 chemicals were 

classified in 111 categories as the three chemicals classified in more than one category were counted in 

each category. 
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Michael Addition 18 

No alert found 57 

Nucleophilic addition 1 

Schiff base formation 17 

SN2 12 

SNAr 1 

Ionic interaction 0 

Radical reactions 0 

SN1 0 

SN2Ionic 0 

SNVynil 0 

Total 111 

 

118. The profilers can categorise the chemicals in the 11 categories shown in Table 

5.6. When the chemical does not contain any of the 110 structural alerts, it is considered as 

“No alert”. Chemicals categorised as no alert imply that they do not show any fragment 

known to be related to skin sensitisation via protein binding. However, many of these 

chemicals may be pre- or pro-haptens (see section 5.6). Since the group of “No alert” was 

rather large, it was considered appropriate to use the metabolism simulator present in the 

OECD QSAR Toolbox to generate possible metabolites and additionally profile them with 

the “Protein binding alerts for skin sensitisation OASIS” (see Figure 5.2).  

 

 

Figure 5.2. Overview of the categorisation performed on the dataset. 

119. The skin metabolism simulator contains a list of hierarchically ordered 

principal transformations that mimic the transformations that may take place in the skin, 

e.g. C-hydroxylation, ester hydrolysis, oxidation, glutathione conjugation, glucuronidation, 

sulfonation. The parent compound is matched against this set of possible transformations 

and if reaction fragments are found, the corresponding metabolites are derived. Each of 

these derived metabolites is then submitted to the same list of hierarchically ordered 

transformations to produce a second level of metabolites.  The procedure is repeated until 

a constraint for metabolism propagation is satisfied (e.g. low probability of obtaining a 
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metabolite or application of Phase II reaction). The scheme of the profiling carried out on 

the dataset and the categories obtained are shown in Figure 5.2.  

120. The next sections show the performance of the individual methods and DAs for 

all the chemicals of the dataset (section 5.3), the subset of chemicals which were 

categorized in one of the reactive domains (section 5.4), and the chemicals that were 

considered as “No alerts” which were subsequently simulated for metabolites and profiled 

(section 5.5).  

5.2. Chemical reactivity domains not represented in the dataset 

121. Table 5.6 shows that there are 4 chemical reactivity domains not represented in 

the current reference dataset. These domains correspond to Ionic interaction, Radical 

reactions, SN1, SN2Ionic, and SNVinyl. Some of these domains may require metabolic 

activation, for instance the hydroperoxides (radical reaction), guanidines (ionic interaction), 

carbenium ion (SN1), or thioureas (SN2Ionic). Therefore, it is expected that they would not 

represented in Table 5.6 for the parent compounds. However, some chemicals in the dataset 

were categorised as radical reaction chemicals after performing a metabolism simulation 

(see section 5.5.5). Examples of chemicals belonging to the categories not populated in 

Table 5.6 are shown below. Further information regarding the type of chemicals or the 

structural alerts used for the categorisation can be found in the OECD Toolbox profiling 

scheme.  

 
Table 5.7. Chemicals falling in the chemical reactivity domains not represented in the dataset 

Chemical reactivity 
domain 

Example 
Name 

Ionic interactions 
(guanidines) 

 

Chlorproguanil Hydrochloride 

Radical reactions 
 

Geraniol 

SN1 

 

Clotrimazol 

SN2Ionic 
 

1,3-diethylthiourea 

SNVinyl 

 

5-chloro-2-methyl-3(2H)-isothiazolone 

 

5.3. All chemicals 

122. The performance metrics of the DPRA, KeratinoSens, hCLAT, and that of the 

DAs 2o3, ITSv1 and ITSv2 against LLNA for the reference dataset agreed upon by the 

expert group are shown in Table 5.8. The data shows that although the different DAs have 

a similar overall balanced-accuracy (76-81%), they also have different specificities and 

sensitivities which range from 65-85% and 75-87%, respectively. This is obviously caused 

by the different number of FNs and FPs and reflects the fact that some DAs may be better 

suited for specific subgroup of chemicals, i.e. specific reactivity domains. 
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Table 5.8. Results of individual methods and DAs for all chemicals vs LLNA 

 

DPRA 
wrt 

LLNA 

hCLAT 
wrt 

LLNA 

KS wrt 
LLNA 

2o3 
wrt 

LLNA 

ITSv1 
wrt 

LLNA 

ITSv2 
wrt 

LLNA 

TP 57 73 60 64 74 74 

TN 18 11 17 17 15 13 

FP 2 10 4 3 5 7 

FN 28 13 27 21 11 11 

n 105 107 108 105 105 105 

NA 23 21 20 23 23 23 

Sensitivity 0.67 0.85 0.69 0.75 0.87 0.87 

Specificity 0.90 0.52 0.81 0.85 0.75 0.65 

Accuracy 0.71 0.79 0.71 0.77 0.85 0.83 

Bal-
Accuracy 

0.79 0.69 0.75 0.80 0.81 0.76 

 

123. The dataset is composed of 108 chemicals with high quality curated data for in 

vitro, in silico, and LLNA. One chemical (2-hexylidene cyclopentanone) only had 

KerationSens data and two other chemicals (neomycin and chlorpromazine) did not have 

valid DPRA data because of co-elution. The dataset is significantly biased towards skin 

sensitisers as it has 87 sensitisers vs 21 non-sensitisers. This represents a prevalence of 

sensitisers of 81%, which is extremely different from the real scenario where it is estimated 

that the prevalence of sensitisers in the broader chemical landscape is around 21%, 

according to the REACH statistics[1]. This imbalance towards sensitisers should provide 

an extra degree of confidence in these methods for detecting sensitisers. 

124. Table 5.8 shows that a relatively high number of FNs were found in DPRA, 

KeratinoSens and consequently the 2o3 (28, 27, and 21, respectively), although the latter 

to a lower extent (25% less FNs than DPRA). However, as demonstrated in Table 1.3 of 

the Supporting Document, it is worth noting that 14 of the 21 FNs from the 2o3 DA 

(compared to LLNA) had negative results in the human database and were classified as NC 

or NC/1B (ambiguous classification due to limitations of highest concentration tested). Out 

of the remaining 7 chemicals, 4 had no human reference data and 3 were classified as 1B. 

The ITSv1 and ITSv2 show 11 FNs each with respect to the LLNA, and similarly, 9 of 

those chemicals had negative results in the human database and were classified as NC or 

NC/1B (with one 1B and one lacking human reference data). DPRA, KS, 2o3, ITSv1, and 

ITSv2 show a few FPs with 2, 4, 3, 5, and 7, respectively, and hCLAT shows 10 FPs with 

respect to the LLNA. As a point of reference, the LLNA shows 12 FPs with respect to 

human data (specificity = 0.20), the highest number even though only 72 chemicals have 

both LLNA and human data.  

125. The following sections look specifically at the performance of the individual 

methods and the DAs as compared to the LLNA, for each chemical reactivity domain. 

Where available, the classifications based on the human reference data are reported to 

provide additional context.   

5.4. Chemicals with alerts 

126. This section focuses on the chemicals for which at least one structural alert was 

found in their structure. The chemicals were categorised into the following reactivity 

domains: acylation, Michael addition, Schiff base formers, nucleophilic substitution (SN2), 

nucleophilic addition, and nucleophilic aromatic substitution (SNAr). The results are 

presented in tables summarising the FP, FN, TP, TN and sensitivity, specificity, accuracy 

and balanced accuracy as compared to the LLNA reference data. The FPs and FNs for each 

reactivity domain are shown in separate tables which include the name and structure of the 
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chemicals, their categorisation based on the human data, and whether they are suspected 

pre/pro haptens.  

5.4.1. Acylation 

Table 5.9. Results of individual methods and DAs vs LLNA for acylating agents   

 

DPRA 
wrt 

LLNA 

hCLAT 
wrt 

LLNA 

KS wrt 
LLNA 

2o3 
wrt 

LLNA 

ITSv1 
wrt 

LLNA 

ITSv2 
wrt 

LLNA 

TP 7 6 4 6 7 7 

TN 0 0 0 0 0 0 

FP 0 0 0 0 0 0 

FN 1 2 4 2 1 1 

n 8 8 8 8 8 8 

NA 0 0 0 0 0 0 

Sensitivity 0.88 0.75 0.50 0.75 0.88 0.88 

Specificity - - - - - - 
Accuracy 0.88 0.75 0.50 0.75 0.88 0.88 

Bal-
Accuracy 

- - - - - - 

 
Table 5.10. FNs of acylating agents 

Chemicals Structure 
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Penicillin G 

 

  x x x   1B 

3-Propylidenephthalide 

 

Pre   x    1B 

Phenyl benzoate 

 

   x    1B 

Benzyl salicylate 

 

 x x  x x x NC+ 

 

127. The group of acylation is composed of only 8 chemicals (7% of the total), all 

positive in the LLNA, and arises the fact that KeratinoSens clearly fails in 4/8 cases 

yielding 4 FNs (14% of the total number of KS FNs). This is not unexpected because 

KeratinoSens is known to not be capable of detecting lysine reactive chemicals such as 

acylating agents. In fact acylating agents are out of the applicability domain of KS and 

negative results in KeratinoSens have low confidence. Positive results in KeratinoSens for 

chemicals within this group should in principle be trusted. The rest of the methods and 
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DAs perform very similarly among them with only 1 or 2 FNs, i.e. Benzyl salicylate (a FP 

in the LLNA) and Benzoyl peroxide.  

Observations and Recommendations for acylating agents: 

 Acylating agents are outside AD of KeratinoSens 

 ITSv1, ITSv2, and 2o3 based on concordance between DPRA and hCLAT are 

preferable methods 

5.4.2. Michael Addition 

Table 5.11. Results of individual methods and DAs vs LLNA for Michael addition 

 

DPRA 
wrt 

LLNA 

hCLAT 
wrt 

LLNA 

KS wrt 
LLNA 

2o3 
wrt 

LLNA 

ITSv1 
wrt 

LLNA 

ITSv2 
wrt 

LLNA 

TP 12 13 16 13 14 14 

TN 0 0 0 0 0 0 

FP 1 1 1 1 1 1 

FN 4 3 1 3 2 2 

n 17 17 18 17 17 17 

NA 1 1 0 1 1 1 

Sensitivity 0.75 0.81 0.94 0.81 0.88 0.88 

Specificity 0.00 0.00 0.00 0.00 0.00 0.00 

Accuracy 0.71 0.76 0.89 0.76 0.82 0.82 

Bal-
Accuracy 

0.38 0.41 0.47 0.41 0.44 0.44 

 
Table 5.12. FPs of Michael addition  

Chemicals Structure 
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6-Methyl-3,5-
heptadien-2-one  

 
x x x x x x NA 

 
Table 5.13. FNs of Michael addition 

Chemicals Structure 
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α-iso-Methylionone 

 

 x  x x   NC+ 

Benzyl Cinnamate 

 

 x x  x x x 
NC/ 
1B 
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Amyl cinnamic 
aldehyde 

 

 x      NC+ 

Hexyl cinnamic 
aldehyde 

 

 x x  x x x 
NC/ 
1B 

Ethyl acrylate 
 

  x     1B 

 

128. Michael addition chemicals correspond to one of the biggest subgroups with a 

total of 18 chemicals, 17% of the total, 17 positive and 1 negative in the LLNA. For this 

subgroup, KeratinoSens shows the best performance with only 1 FN and 1 FP. DPRA, 

hCLAT and 2o3 perform slightly worse with 4/28, 2/13, and 3/27 FNs. ITSv1 and ITSv2 

also show good performance with only 2 FNs each out of a total of 11 FNs. In terms of FPs, 

all methods and DAs show only 1 FP. There are results that indicate that this chemical (6-

Methyl-3,5-heptadien-2-one) could be a FN in the LLNA vs human although the human 

data was not considered to be of sufficient quality to be included in the final dataset (for 

additional details see Report of the Human Data Subgroup). 

 Observations and Recommendations for Michael addition chemicals: 

 All methods low number of FPs. KeratinoSens also low number of FNs 

 DPRA, and 2o3 in disagreement with KeratinoSens -> higher number of FNs 

 ITSv1, ITSv2, and 2o3 based on the agreement of DPRA/hCLAT with KeratinoSens 

are preferable methods 

5.4.3. Schiff base former 

Table 5.14. Results of individual methods and DAs vs LLNA for Schiff base formers 

 

 

DPRA 
wrt 

LLNA 

hCLAT 
wrt 

LLNA 

KS wrt 
LLNA 

2o3 
wrt 

LLNA 

ITSv1 
wrt 

LLNA 

ITSv2 
wrt 

LLNA 

TP 12 14 11 13 14 14 

TN 2 1 1 1 2 1 

FP 0 1 1 1 0 1 

FN 2 0 3 1 0 0 

n 16 16 16 16 16 16 

NA 1 1 1 1 1 1 

Sensitivity 0.86 1.00 0.79 0.93 1.00 1.00 

Specificity 1.00 0.50 0.50 0.50 1.00 0.50 

Accuracy 0.88 0.94 0.75 0.88 1.00 0.94 

Bal-
Accuracy 

0.93 0.75 0.64 0.71 1.00 0.75 

 

https://community.oecd.org/docs/DOC-159425
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Table 5.15. FPs of Schiff base formers 

Chemicals Structure 

P
re

/p
ro

 

h
ap

te
n

? 

D
P

R
A

 

h
C

LA
T 

K
S 

2
o

3
 

IT
Sv

1
 

IT
Sv

2
 

H
u

m
an

 

Benzaldehyde 

 

  x x x  x 
NC/ 
1B 

 
Table 5.16. FNs of Schiff base formers 

Chemicals Structure 
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p-Isobutyl-α-methyl 
hydrocinnamaldehdye 

 

 x  x x   NA 

p-t-Butyl-
dihydrocinnamaldehyde 
(Bourgenol)  

   x    
NC/ 
1B 

Lillial 

 

   x    1B 

4-Methoxy-α-methyl 
benzenpropanal 

 

 x      
NC/ 
1B  

 

129. Schiff base formers is composed of a group of 16 chemicals, 15% of the total, 

14 positive and 2 negative in the LLNA. In this case, ITSv1 shows an excellent performance 

with 0 FNs and 0 FPs, ITSv2 shows 1 FP (benzaldehyde, a potential FN in LLNA when 

compared to human) and 0 FNs, and 2o3 1 FP and 1 FN. KeratinoSens has 3 FNs which 

also correspond to the chemicals of this subgroup with higher logP (logP>3.5) and low 

water solubility. Therefore, KeratinoSens does not seem to be the best option for Schiff 

base formers that have high logP and low water solubility. DPRA shows 2 FNs and the 2o3 

DA 1 FN. LLNA shows 2 potential FNs with respect to human data, vanillin and 

benzaldehyde. Benzaldehyde is a FP with respect to LLNA in all DAs, although the human 

data suggest that it may be mispredicted by the LLNA and correctly identified by the DAs. 

Observations and Recommendations for Schiff base formers: 

 hCLAT low number of FPs and FNs. KeratinoSens with logP>3.5 related to FNs 

 All DAs perform similarly well. If 2o3 is used for chemicals with logP>3.5 it is 

preferable to be based on concordance between DPRA and hCLAT 
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5.4.4. SN2 

Table 5.17. Results of individual methods and DAs vs LLNA for SN2 

 

DPRA 
wrt 

LLNA 

hCLAT 
wrt 

LLNA 

KS wrt 
LLNA 

2o3 wrt 
LLNA 

ITSv1 
wrt 

LLNA 

ITSv2 
wrt 

LLNA 

TP 7 6 10 7 7 8 

TN 0 0 0 0 0 0 

FP 0 0 0 0 0 0 

FN 3 4 0 3 3 2 

n 10 10 10 10 10 10 

NA 3 3 3 3 3 3 

Sensitivity 0.70 0.60 1.00 0.70 0.70 0.80 

Specificity - - - - - - 
Accuracy 0.70 0.60 1.00 0.70 0.70 0.80 

Bal-
Accuracy 

- - - - - - 

 
Table 5.18. FNs of SN2 

Chemicals Structure 
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Benzyl salicylate 

 

 x x  x x x NC+ 

Butyl glycidyl ether 
 

  x     1A 

Allyl phenoxyacetate 

 

 x x  x x  
NC/ 
1B 

Benzyl benzoate 

 

 x x  x x x NC 

 

130. This subgroup is composed of 10 chemicals (9%), all positive in the LLNA. 

Two of the chemicals (benzyl salicylate and iodopropynyl butylcarbamate) were also 

categorised as acylation. The methods and DAs only show TPs and FNs. KeratinoSens is 

the best performer with 0 FN, hCLAT is the worst with 4 FNs, and ITSv2 shows 2 FNs. 

The rest show 3 FNs. The peculiarity of this subgroup is the fact that the 2 FNs of the 

methods and DAs are benzyl salicylate and benzyl benzoate, and are FP in the LLNA with 

respect to human data. In addition, these chemicals are the only SN2 with logP>3.9 and are 

highly insoluble in water (~10-4 mol/L). The closest chemical in the group in terms of logP 

is Bisphenol A-diglycidyl ether with logP =3.8 but is properly predicted by all the methods 

as sensistiser. The low number of chemicals and the fact that the FNs are FPs in the LLNA 

make the comparison difficult as in all methods except KS perform similarly. 
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Observations and Recommendations for SN2: 

 All DAs perform similarly. 

 Compounds with logP>3.5 and low WS can be FP in LLNA and KeratinoSens 

 For logP>3.5, ITsv1, ITSv2, and 2o3 based on concordance between DPRA and 

hCLAT are preferable methods 

5.4.5. SNAr 

131. There is only  one chemical in this group, DNCB. It is positive in the LLNA 

and all methods predict the chemical properly. 

5.4.6. Nucleophilic addition 

132. There is only one chemical is this category, OTNE. All methods predict it as a 

sensitiser except KeratinoSens. This compound is a FP in LLNA with respect to humans, 

therefore only KeratinoSens predicts it properly if compared to human data.  

5.5. No alert 

133. This section includes the chemicals for which the profiler did not find any alert. 

Chemicals that are categorized as “No alert” can still be sensitisers due to the action of their 

metabolites. Since the OECD Toolbox has a metabolism simulator, the chemicals 

categorized as “No alert” were further processed to derive the possible metabolites and 

these derived metabolized were subsequently categorized with the same profiler used for 

the parent.  

134. The profiling of the metabolites categorized the chemicals in the following 

reactivity domain groups:  

 No alert parent with Michael addition metabolites 

 No alert parent with Nucleophilic addition metabolites 

 No alert parent with Schiff base metabolites 

 No alert parent with SN2 

 No alert parent with Radical reactions 

 No alert parent with no metabolites or metabolites with no alerts. 

135. Fourteen chemicals were predicted to have metabolites that could fall in more 

than one category, either because of the presence of different metabolites in different 

categories or because a metabolite had multiple functional groups compatible with different 

reactivity domains. These chemicals were considered in each of the categories they were 

categorized, therefore they were analysed more than once. It was observed that this did not 

have a significant impact on the conclusions derived.  

136. The results are presented in tables summarising the FP, FN, TP, TN and 

sensitivity, specificity, accuracy and balanced accuracy. The FPs and FNs for each 

reactivity domain are shown in separate tables which include the name and structure of the 

chemicals, their categorisation in human, and whether they are suspected pre/pro haptens.  

 
Table 5.19. Results of individual methods and DAs vs LLNA for chemicals with no alert found on the 

parent compound 

 

DPRA 
wrt 

LLNA 

hCLAT 
wrt 

LLNA 

KS wrt 
LLNA 

2o3 
wrt 

LLNA 

ITSv1 
wrt 

LLNA 

ITSv2 
wrt 

LLNA 

TP 19 34 21 25 32 31 
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TN 16 10 16 16 13 12 

FP 1 8 2 1 4 5 

FN 19 5 18 13 6 7 

n 55 57 57 55 55 55 

NA 10 8 8 10 10 10 

Sensitivity 0.50 0.87 0.54 0.66 0.84 0.82 

Specificity 0.94 0.56 0.89 0.94 0.76 0.71 

Accuracy 0.64 0.77 0.65 0.75 0.82 0.78 

Bal-
Accuracy 

0.72 0.71 0.71 0.80 0.80 0.76 

 

137. When the profiler does not recognise any of the fragments present in the 

molecule to belong to any of the reactivity domains, it classifies the chemical as “No alert”. 

In the current dataset, this subgroup is composed of 55 chemicals (51% of the total). The 

fact that the chemical is categorised by the profiler as “No alert” should not be confused as 

being predicted as “Non sensitiser”, because the profilers are not predictors but a tool for 

grouping. It is worth noting though, that all LLNA negatives but two (vanillin and 

benzaldehyde, which may be FNs in the LLNA with respect to human) belong to this group.  

138. The performances of all methods, including the LLNA, for this subgroup of 

chemicals show that these are difficult chemicals. For instance, 75% of the potential FNs 

and 58% of the potential FPs in the LLNA with respect to the human reference data were 

categorised as “No alerts”. Similarly, the majority of FPs of the ITSv1 and ITSv2 (c.a. 70-

80%) with respect to the LLNA belong to this group. DPRA, KeratinoSens, and 2o3 have 

different distributions of FPs as they only have 50, 50, and 33% of their FPs in this group. 

The percentages of FNs of DAs oscillate around 60%, meaning that the ratio of FNs of the 

DAs in this subgroup is better than that of LLNA when compared to human (75%). This is 

reflected in the Sensitivity values which oscillate between 66% of the 2o3 and 84% of the 

ITSv1.  

139. Table 5.19 shows that DPRA, KeratinoSens, and 2o3 show only 1 or 2 FPs in 

this group. While these are excellent numbers, they still represent a high ratio as these 

methods only have 2, 4, and 3 FPs in the whole dataset. 2o3 is the DA with the highest 

specificity, which is 94%. The specificity of the LLNA against human data for this 

subgroup is of 30%. hCLAT shows the highest sensitivity 87%, although also with a 

relatively low specificity of 56%. ITSv1 and ITSv2 show a slightly lower sensitivity of 84 

and 82%, respectively, but higher specificities (76 and 71%, respectively). Therefore, 

negative predictions of hCLAT will have higher confidence (higher negative prediction 

value) than other DAs and the LLNA. Similarly, the positive predictions in the 2o3 will 

have higher confidence than other DAs and the LLNA (higher positive prediction value).  

140. The following sections look specifically at the performance of the individual 

methods and the DAs as compared to the LLNA, for each chemical reactivity domain where 

the parent compound had no alert but the metabolites may have (or not). Where available, 

the classifications based on the human reference data are reported to provide additional 

context. 

5.5.1. No alert parent with Michael addition metabolite(s)  

Table 5.20. Results of individual methods and DAs vs LLNA for chemicals with no alerts that have 

metabolites with Michael addition alerts 

 

DPRA 
wrt 

LLNA 

hCLAT 
wrt 

LLNA 

KS wrt 
LLNA 

2o3 
wrt 

LLNA 

ITSv1 
wrt 

LLNA 

ITSv2 
wrt 

LLNA 

TP 12 15 10 12 16 16 

TN 1 0 1 1 0 0 



 © OECD 2019 
  

FP 0 1 0 0 1 1 

FN 4 1 6 4 0 0 

n 17 17 17 17 17 17 

NA 0 0 0 0 0 0 

Sensitivity 0.75 0.94 0.63 0.75 1.00 1.00 

Specificity 1.00 0.00 1.00 1.00 0.00 0.00 

Accuracy 0.76 0.88 0.65 0.76 0.94 0.94 

Bal-
Accuracy 

0.88 0.47 0.81 0.88 0.50 0.50 

 
Table 5.21. FPs of chemicals with no alerts that have metabolites with Michael addition alerts 
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Amylcinnamyl alcohol 
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Table 5.22. FNs of chemicals with no alerts that have metabolites with Michael addition alerts 

Chemicals Structure 
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Resorcinol 

 
Pro x  x x   NC+ 

(R)-(+)-Limonene 

 

Pre x  x x   
NC/ 
1B 

Anethole 

 

 x  x x   NA 

Eugenol 
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Anisyl alcohol 

 

   x    
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2-Methoxy-4-
methylphenol 

 

 x  x x   NA 
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Isoeugenol 

 

Pre  x     1B 

 

141. There are a total of 17 chemicals in this category (16% of the total), 16 positive 

and 1 negative in the LLNA. It stands out that DPRA and KeratinoSens have a relatively 

high number of FNs, 4 and 6, respectively. Consequently, 2o3 has also 4 FNs. In 

comparison, hCLAT shows only 1 FN and ITSv1 and ITSv2 do not show any FN. All DAs 

show only 1 FP except 2o3 which shows 0 FPs. The 1 FP in the ITS DAs with respect to 

LLNA was classified as a 1B sensitizer based on human reference data.  

Observations and Recommendations for no alert parent with Michael addition 

metabolite(s): 

  Relatively high number of FNs by KeratinoSens, DPRA, and 2o3. 

 Good performance for hCLAT, ITSv1, ITSv2. 

 ITSv1 and ITSv2 are preferable methods. 2o3 based on the agreement of 

DPRA/KeratinoSens with hCLAT can also provide reliable results 

5.5.2. No alert parent with Schiff base metabolite(s) 

 
Table 5.18. Results of individual methods and DAs vs LLNA for chemicals with no alerts that have 

metabolites with Schiff base alerts 

 

DPRA 
wrt 

LLNA 

hCLAT 
wrt 

LLNA 

KS wrt 
LLNA 

2o3 
wrt 

LLNA 

ITSv1 
wrt 

LLNA 

ITSv2 
wrt 

LLNA 

TP 6 13 8 11 13 13 

TN 6 5 8 7 5 4 

FP 1 3 0 0 2 3 

FN 7 1 6 2 0 0 

n 20 22 22 20 20 20 

NA 4 2 2 4 4 4 

Sensitivity 0.46 0.93 0.57 0.85 1.00 1.00 

Specificity 0.86 0.63 1.00 1.00 0.71 0.57 

Accuracy 0.60 0.82 0.73 0.90 0.90 0.85 

Bal-
Accuracy 

0.66 0.78 0.79 0.92 0.86 0.79 

 
Table 5.19. FPs of chemicals with no alerts that have metabolites with Schiff base alerts 

Chemicals Structure 
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Benzyl Alcohol 

 

 

 x    x 1B 
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Isocyclogeraniol 

 

 

 x   x x NA 

Kanamycin sulfate 

 

 

x    x x NA 

Neomycin sulphate 

 

 

NA x NA NA NA NA 1B 

 
Table 5.20. FNs of chemicals with no alerts that have metabolites with Schiff base alerts 
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Anethole 

 

 

x  x x   NA 

Eugenol 

 

Pre/pr
o 

  x    1B 

Ethylene diamine  Pro x      NA 

3-
Dimethylaminopropyla
mine  

Pro x      NA 

β, β 3-Trimethyl 
benzenepropanol 

 

 x      NC+ 

Farnesol 
 

Pre/p
ro 

x      1B 

Geraniol 
 

Pre/p
ro 

x      1B 

Citronellol 
 

   x    NC+ 

Anisyl alcohol 

 

   x    
NC/ 
1B 

2-Methoxy-4-
methylphenol 

 

Pre/p
ro 

x  x x   NA 
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Isoeugenol 

 

Pre  x     1B 

Chlorpromazine 

 

Pre/p
ro 

NA  x NA NA NA 1B 

 

142. There are 20 chemicals with data in this subgroup (19% of the total), 14 positive 

and 8 negative in the LLNA. 11 of these chemicals were categorised in other reactivity 

domains too. The presence of these other chemicals only modifies significantly the number 

of FN of KeratinoSens, which changes from 1 to 6. The number of TPs and TNs is also 

affected but sensitivity and specificity are not. 

143. In this subgroup DPRA and KeratinoSens show a rather high number of FNs (7 

and 6, respectively) compared to the other methods. However, ITSv1 and ITSv2 show 0 

FNs and the 2o3 shows 2 FNs, the same amount as the LLNA against human. Regarding 

the FPs, DPRA, KeratinoSens, and the 2o3 are the methods with fewer FPs, 1, 0, and 0, 

respectively. ITSv1 has 2 FPs and ITSv2 has 3 FPs, one of which classified as positive 

based on human reference data, and other two lacking human classifications. Overall, for 

this subgroup the 2o3 and ITSv2 show the best performance in terms of sensitivity and 

specificity. 

Observations and Recommendations for no alert parent with Schiff base 

metabolite(s): 

 All DAs similarly good general performance  

 Negative result in hCLAT, ITSv1, and ITSv2 high confidence  

 High number of FNs in DPRA and KeratinoSens 

5.5.3. No alert parent with SN2 metabolite(s) 

Table 5.21. Results of individual methods and DAs vs LLNA for chemicals with no alerts that have 

metabolites with SN2 alerts 

 

DPRA 
wrt 

LLNA 

hCLAT 
wrt 

LLNA 

KS wrt 
LLNA 

2o3 
wrt 

LLNA 

ITSv1 
wrt 

LLNA 

ITSv2 
wrt 

LLNA 

TP 2 3 2 2 2 2 

TN 0 0 0 0 0 0 

FP 0 0 0 0 0 0 

FN 0 0 1 0 0 0 

n 2 3 3 2 2 2 

NA 3 2 2 3 3 3 

Sensitivity 1.00 1.00 0.67 1.00 1.00 1.00 

Specificity - - - - - - 

Accuracy 1.00 1.00 0.67 1.00 1.00 1.00 

Bal-
Accuracy 

- - - - - - 
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144. There are only 3 chemicals with data in this category. They are all positive in 

the LLNA and are properly predicted by most of the methods. Only KeratinoSens shows a 

FN for chlorpromazine, which has a logP of 5.41 and is not included in DPRA and the other 

DAs because of lack of DPRA data. 

Observations and Recommendations for no alert parent with SN2 metabolite(s): 

 KeratinoSens with high logP (>5.0) may give FNs 

5.5.4. No alert parent with nucleophilic addition metabolite(s) 

 
Table 5.22. Results of individual methods and DAs vs LLNA for chemicals with no alerts that have 

metabolites with nucleophilic addition alerts 

 

DPRA 
wrt 

LLNA 

hCLAT 
wrt 

LLNA 

KS wrt 
LLNA 

2o3 
wrt 

LLNA 

ITSv1 
wrt 

LLNA 

ITSv2 
wrt 

LLNA 

TP 0 1 0 0 1 0 

TN 3 4 5 4 3 3 

FP 1 1 0 0 1 1 

FN 1 0 1 1 0 1 

n 5 6 6 5 5 5 

NA 1 0 0 1 1 1 

Sensitivity 0.00 1.00 0.00 0.00 1.00 0.00 

Specificity 0.75 0.80 1.00 1.00 0.75 0.75 

Accuracy 0.60 0.83 0.83 0.80 0.80 0.60 

Bal-
Accuracy 

0.38 0.90 0.50 0.50 0.88 0.38 

 

145. There are 6 chemicals with data in this category (6% of the total), 1 positive 

and 5 negative in the LLNA. All chemicals in this category are in general properly predicted 

by most of the methods. DPRA, KeratinoSens, the 2o3, and ITS v2 have 1 FN that 

corresponds to aniline. Neomycin sulfate is a FN in the LLNA but there is no prediction 

from the DAs due to a lack of DPRA data. 

 
Table 5.23. FPs of chemicals with no alerts that have metabolites with Nucleophilic addition alerts 
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Kanamycin sulfate 

 

 

x    x x NA 

Neomycin sulphate 

 

 

NA x NA NA NA NA 1B 
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Table 5.24. FNs of chemicals with no alerts that have metabolites with Nucleophilic addition alerts 

Chemicals Structure 
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Aniline 
 

Pre/p
ro x  x x  x 1B 

 

Observations and Recommendation for no alert parent with nucleophilic addition 

metabolite(s): 

 All methods give similarly good performance. 

5.5.5. No alert parent with radical reactions metabolite(s) 

Table 5.23. Results of individual methods and DAs vs LLNA for chemicals with no alerts that have 

metabolites with SN2 alerts 

 

DPRA 
wrt 

LLNA 

hCLAT 
wrt 

LLNA 

KS wrt 
LLNA 

2o3 
wrt 

LLNA 

ITSv1 
wrt 

LLNA 

ITSv2 
wrt 

LLNA 

TP 3 4 2 3 3 3 

TN 0 0 0 0 0 0 

FP 0 0 0 0 0 0 

FN 0 0 2 0 0 0 

n 3 4 4 3 3 3 

NA 1 0 0 1 1 1 

Sensitivity 1.00 1.00 0.50 1.00 1.00 1.00 

Specificity - - - - - - 

Accuracy 1.00 1.00 0.50 1.00 1.00 1.00 

Bal-
Accuracy 

- - - - - - 

 

146. There are only 4 chemicals with data in this category. They are all positive in 

the LLNA and most of them are properly predicted as sensitisers by all the methods. Only 

KeratinoSens fails in predicting chlorpromazine and pentachlorophenol and yields 2 FNs. 

Both compounds have logP>5.0. Chlorpromazine was not included in DPRA and the DAs 

because of lack of DPRA data. 

Observations and Recommendations for no alert parent with radical reactions 

metabolite(s): 

 KeratinoSens with high logP (>5.0) may give FNs 

 Good performance for all methods and DAs 

5.5.6. No alert parent with no metabolites or metabolite(s) with no alerts 

Table 5.24. Results of individual methods and DAs vs LLNA for chemicals with no alerts that either 

do not have metabolites or have metabolites with no alerts 

 

DPRA 
wrt 

LLNA 

hCLAT 
wrt 

LLNA 

KS wrt 
LLNA 

2o3 
wrt 

LLNA 

ITSv1 
wrt 

LLNA 

ITSv2 
wrt 

LLNA 
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TP 3 8 4 4 6 6 

TN 8 4 6 7 7 7 

FP 0 4 2 1 1 1 

FN 9 4 8 8 6 6 

n 20 20 20 20 20 20 

NA 5 5 5 5 5 5 

Sensitivity 0.25 0.67 0.33 0.33 0.50 0.50 

Specificity 1.00 0.50 0.75 0.88 0.88 0.88 

Accuracy 0.55 0.60 0.50 0.55 0.65 0.65 

Bal-
Accuracy 

0.63 0.58 0.54 0.60 0.69 0.69 

 
Table 5.25. FPs of chemicals with no alerts that either do not have metabolites or have metabolites 

with no alerts 

Chemicals Structure 
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Triethanolamine 

 

  x     NA 

Coumarin 
 

   x    1B 

Diethyl phthalate 

 

  x     
NC/ 
1B 

Propyl paraben 

 

  x x x x x NA 

Octanoic acid 
 

  x     
NC/ 
1B 

 
Table 5.26. FNs of chemicals with no alerts that either do not have metabolites or have metabolites 

with no alerts 

Chemicals Structure 
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DMSO 
 

 x  x x x x NC 

Pyridine 
 

 x  x x x x 1B 
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Sodium lauryl sulfate   x x x x x x 1 

Salicylic acid 

 

   x    NC+ 

Methyl salicylate 

 

 x x x x x x 
NC/ 
1B 

Linalool 
 

Pre x  x x   
NC/ 
1B 

Dibenzyl ether 
 

 x      
NC/ 
1B 

Hexyl salicylate 

 

 x  x x   NC+ 

Abietic acid  Pre  x     NA 

Tocopherol 
 

 x x  x x x NA 

Isopropyl myristate   x  x x x x NC+ 

 

147. This subgroup is composed of 20 chemicals with LLNA data (19% of the total), 

12 positive and 8 negative in the LLNA. As was the case for “No alert” on the parent 

compound, this subgroup is also difficult. When compared to the human data, this group 

contains 33% of all the potential FPs of the LLNA in the dataset and 38% of the potential 

FNs, complicating the interpretation of the DA performance against the LLNA. The 

performances of the DAs are lower than for other reactivity domains, for instance, this 

subgroup contains 38-55% of their FNs and 14-33% of their FPs in comparison to the 

LLNA, many of which may in fact be accurate predictions with respect to the human data 

as shown in the above tables. 

148. The ratio of FPs is low for DPRA, ITSv1 and ITSv2 as they show only 0%, 

20%, and 14% of their respective total FPs, and in fact, they have a rather high PPV of 0.86 

each, meaning that positive results of these methods will in principle have higher certainty. 

ITSv1 and ITSv2 have 6 FNs (55% of their total) and 2o3 has 8 (38% of its total). Despite 

the different number of FNs across methods, their NPV are similar as they oscillate between 

0.43 (KeratinoSens) and 0.54 (ITSv2). The NPV of the LLNA when compared to human 

data is 0.40. Therefore, a negative result of hCLAT, ITSv1 and ITSv2 should have higher 

confidence.  

Observations and Recommendations for no alert parent with no metabolites or 

metabolite(s) with no alerts: 

 Low number of FPs in DPRA,  ITSv1, and ITSv2  higher confidence if positive result 

 Negative result in hCLAT  higher confidence 

 High number of FPs in hCLAT 

 All DAs show similar performance. 
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5.6. Analysis of the performance of pre/pro haptens with DAs 

149. The chemicals of the dataset suspected to be pre- or pro-, or both (see 

Patlewicz[2]) were categorised as such, and their performance with respect to the other 

chemicals is shown in Table 5.27. 

Table 5.27. Comparison of results vs LLNA of individual methods and DAs for pre/pro haptens shown 

as a ratio with values for the rest of chemicals 

 

DPRA 
wrt 

LLNA 

hCLAT 
wrt 

LLNA 

KS wrt 
LLNA 

2o3 wrt 
LLNA 

ITSv1 
wrt 

LLNA 

ITSv2 
wrt 

LLNA 

TP 13 / 44 21 / 52 15 / 45 17 / 47 22 / 52 21 / 53 

TN 0 / 18 0 / 11 0 / 17 0 / 17 0 / 15 0 / 13 

FP 0 /2 0 /10 0 / 4 0 / 3 0 / 5 0 / 7 

FN 9 / 19 2 / 11 8 / 19 5 / 16 0 / 11 1 / 10 

n 22 /83 23 / 84 23 / 85 22 / 83 22 / 83 22 / 83 

NA 1 / 22 0 / 21 0 / 20 1 / 22 1 / 22 1 / 22 

Sensitivity 0.59 / 0.70 0.91 / 0.83 0.65 / 0.70 0.77 / 0.75 1 / 0.83 0.95 / 0.84 

Specificity - /0.9- - / 0.52 - / 0.81 - / 0.85 - / 0.75 - / 0.65 

Accuracy 0.59 / 0.75 0.91 / 0.75 0.65 / 0.73 0.77 / 0.77 1 / 0.81 0.95 / 0.80 

Bal-
Accuracy 

- / 0.8 - / 0.67 - / 0.76 -/ 0.80 - / 0.79 - / 0.75 

 

150. There were 23 chemicals categorised as pre/pro haptens in the dataset (21% of 

chemicals) and all of them were positive in the LLNA. Of these, only 12 chemicals had 

human data available and all except one (resorcinol) were found to be sensitisers in humans. 

The pre/pro hapten subset of chemicals is a difficult subset as all of them but one (3-

Propylidenephthalide) belonged to the chemical reactivity domain of “No alert”, which had 

a lower performance with respect to other chemicals (see section 5.5). However, 21 out of 

the 22 pre/pro haptens with no alerts for the parent compound were predicted to have 

metabolites with skin sensitisation alerts (13 Michael addition, 1 acylation, 9 Schiff base, 3 

SN2, 1 nucleophilic addition, 3 radical reactions, and 2 no alert). The metabolites of 7 

chemicals were categorised in more than one reactivity domain.  

151. Since all substances in the subset were positive in the LLNA, there are no FP 

predictions. Regarding FNs, DPRA and KeratinoSens have a rather high number, 9 and 8, 

respectively. These represent 69% of the FNs of DPRA and 38% of KeratinoSens. The 2o3 

has a lower number of FNs, 5 which represents 71% of all their FNs. The other DAs perform 

extremely well with 0 FNs for ITSv1 and only 1 FN for ITSv2.  

152. Regarding the performance comparison between this subset and the rest of the 

data, it can be observed that sensitivities (only comparable measure) are similar. It oscillates 

between 0.6-0.7 in DPRA, 0.83-0.91 in hCLAT, 0.65-0.70 in KeratinoSens. The 2o3 has a 

sensitivity of 0.75-0.77 while ITSv1 and ITSv2 have sensitivities > 0.83 for both subsets 

(pre/pro haptens and the rest). In fact, ITSv1 and ITSv2 show better performance for the 

subset of pre/pro haptens (potentially better than that of the LLNA). Therefore, the 

performance of the individual methods for pre/pro haptens is similar to that of the rest of 

chemicals, and for the DAs it is even better with very high sensitivities. hCLAT and ITSv1 

and ITSv2 seem to perform better than DPRA, KeratinoSens and the 2o3. The performance 

of the individual methods and 2o3 for pre/pro haptens has also been analysed elsewhere [3, 

4]. 

Observations and Recommendations for pre/pro-haptens: 

 No difference in performance between pre/pro-haptens and the rest of chemicals. 

Chemical reactivity domains for parents and metabolites should be interpreted as 

recommended above and in Figure 2 (Figure 1.1. of the DA Guideline). 
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5.7. Summary of recommendations for chemical reactivity domain 

Figure 5.3. Summary of observations and recommendations derived for each chemical reactivity domain  

 

Dataset

Chemicals with alerts

“Chemicals with

No alerts”

Acylation

Michael addition

Schiff Base

SN2

SNAr

Nucleophilic addition

Chemicals with no metabolites or 

metabolites with “No alert”

Chemicals with metabolites 

with at least one alert

Michael addition

Schiff Base

SN2

Nucleophilic addition

Radical reactions

Metabolism 

simulator

• Acylating agents are outside the AD of KeratinoSens
• ITSv1, ITSv2, and 2o3 with concordant DPRA and hCLAT are preferable methods

• All methods low number of FPs. KeratinoSens also low number of FNs
• ITSv1, ITSv2, or 2o3 based on concordance of DPRA/hCLAT with KeratinoSens, are preferable

• All DAs perform similarly well
• if 2o3 is used for logP>3.5, it is preferable to be based on concordance of DPRA and hCLAT

• All DAs perform similarly 
• For logP>3.5 ITsv1, ITSv2, or 2o3 based on concordance of DPRA and hCLAT are preferable

• Good performance for hCLAT, ITSv1, and ITSv2.
• ITSv1 and ITSv2 are preferable methods

• Limited knowledge on performance (only 3 chemicals). 
KeratinoSens not recommended for logP > 5.0 

• Good performance of all methods and DAs

• KeratinoSens not recommended for logP >5.0
• Good performance for all methods and DAs

• Limited knowledge on performance (only 1 chemical)

• Limited knowledge on performance (only 1 chemical)

• Low number of FPs in DPRA,  ITSv1, and ITSv2 à higher 
confidence if positive result

• Negative result in hCLATà higher confidence
• All DAs perform similarly

Pre-/pro-haptens • No difference in performance between pre/pro-haptens and the rest

• Positive DPRA, KS, 2o3 à higher 
confidence

• Negative hCLATà higher confidence

Metabolism 

simulator

• DPRA and KeratinoSens high number of FNs
• All DAs show similarly good general performance
• ITSv1 and ITSv2 are preferable methods 
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 Evaluation Framework 

153. The below evaluation framework was developed at the request of the WNT 

during the special session in December 2017, and subsequently agreed upon and applied 

by the expert group in Q2 2018 to the DAs included in the draft GL. 

Structure: Information Provided, DA Elements 

154. The DA should be described using the template provided in GD 255. The 

DA should allow an equivalent regulatory use as the reference animal test. The required 

resolution of the DA output depends on the regulatory application. The DA should at 

minimum provide hazard information (discriminate between sensitisers and non-

sensitisers). For other regulatory applications the DA should provide partial 

classification (e.g. able to discriminate GHS Cat 1A) and/or sufficient information for 

classification and labelling (e.g. discriminate GHS Cat 1A and Cat 1B). Some DAs may 

also provide a point of departure for quantitative risk assessment. The purpose of the 

DA (e.g. hazard, potency classification, etc.) should be clearly stated, and the DA 

should be evaluated with respect to that purpose. 

Relevance: Mechanistic Coverage  

155. The DA should be mechanistically and biologically relevant with respect to 

the existing skin sensitisation AOP framework. The quality of information provided 

with respect to each KE or the overall AOP should be characterised. It is not necessary 

that the DAs cover all the key events within the AOP but at least one key event should 

be covered. 

Predictive Capacity: Performance Compared to Reference Data 

156. The predictive capacity of the DA should be equivalent or better than that 

of the animal tests to predict responses in humans, where human data are available, and 

equivalent to the reproducibility of the animals test where human data are not available. 

Therefore, the predictive capacity of the DA should be compared against reference 

animal data and to the extent possible (where these exist) also against human data. The 

output of the DA (e.g. hazard, potency prediction) should be compared to the 

corresponding level of information from the reference data. For the evaluation of the 

predictive capacity of the DA, the variability of the reference data used should be taken 

into account.  

Reliability: Reproducibility 

157. The reproducibility of the DA should provide a level of confidence no less 

than that provided by the reproducibility of the reference animal test (i.e. the LLNA, as 

described above). The reproducibility of the individual information sources used in the 

DA should be characterised (not necessarily through a prospective validation study; 

existing/published data can be used for the characterisation of the reproducibility).  
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Applicability: Technical Limitations, Chemical Space Coverage 

158. The applicability domain of the DA should be characterised and described 

to the extent possible, both in terms of technical limitations of the DA elements (e.g. in 

vitro assays, in chemico assays, in silico models, expert systems) and in terms of the 

coverage of chemical space. 

Complexity: Data Interpretation Procedure 

159. The DA should use a data interpretation procedure that is sufficiently well 

described (using the template from GD 255) that it can be conceptually understood and 

practically applied by end-users (i.e. regulators and regulated industry). 

Transparency: Availability of Elements for Review 

160. Independent evaluation and implementation by third parties must be 

possible (i.e., all of the DA elements must be readily accessible and all the relevant 

protocols must be available). The DA should include one or more OECD TG methods 

to facilitate acceptance. The DA can include non-guideline test methods as long as 

sufficient information exists to allow their assessment (i.e. allow evaluation of their 

reliability and relevance). Careful consideration will be given to proprietary elements. 

Quantitative structure activity relationship (QSAR) models can be part of the DA if they 

are characterised according to the five OECD principles for QSAR model validation 

(OECD 2014) and reported using the QSAR Model Reporting Format or Annex II to 

GD 256; information on the training set should be available. When incorporating in 

silico elements (e.g. OECD Toolbox, QSARs), careful documentation should be 

provided to record all choices made (e.g. software version, protocol used) such that the 

predictions can be replicated. 



92 │ CHAPTER TITLE 
 

 

 © OECD 2019 
  

 Reference data matrix and comparisons. 

161. This annex includes the hazard or potency prediction of each of the DAs 

for the chemicals for which high quality LLNA data and human sensitisation data are 

available. The detailed data matrix supporting the analyses included in this supporting 

document can be found in the accompanying Excel file 

OECD_invitro_insilico_invivo_DA_20Sept2019.xlsx.   

162. The comparison between LLNA and human reference data is reported for a 

subset of 72 substances for which curated mouse and human data are available. For 

some of the chemicals the human data could not be assigned to the NC or 1B classes 

(see Report of the Human Data Subgroup) with sufficient confidence due to limitations 

on testing concentrations; the analysis was therefore performed two ways. Once was on 

the basis of a conservative approach (i.e considering all the NC/1B classifications as 

positive) and the other was using a "default to negative" approach (i.e. considering all 

the NC/1B classifications as NC). For the potency comparison, in cases of ambiguous 

human classifications, i.e. “NC/1B”, a prediction of “NC” or “1B” was considered 

correct for the LLNA when compared to human data.  

163. Also indicated below are heatmaps for DA hazard and potency predictions 

(Figure Annex B.1 and Annex B.2 respectively) compared to the LLNA and human 

reference data.  

  

https://community.oecd.org/docs/DOC-159427
https://community.oecd.org/docs/DOC-159425
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Table Annex B.1. Data matrix of GHS potency subcategory predictions from LLNA, Human, and 

DA data. 

CASRN Chemical LLNA 

GHS 

Human 

GHS 

"2 out 

of 3" 

DA 

"ITSv1" 

DA 

"ITSv2" 

DA 

35691-65-7 Methyldibromo glutaronitrile 1A NA 1 1A 1A 

149-30-4 2-Mercaptobenzothiazole 1A 1B 1 1A 1A 

104-55-2 Cinnamic aldehyde 1A 1A 1 1A 1A 

137-26-8; 

97-77-8 

Tetramethylthiuramdisulfide 1B 1B 1 1A 1A 

69-72-7 Salicylic acid 1B NC 1 1B 1B 

50-21-5 Lactic acid NC NA 0 NC NC 

151-21-3 Sodium lauryl sulfate 1B NC/1B 0 NC NC 

93-99-2 Phenyl benzoate 1B 1B 1 1B 1B 

1166-52-5 Lauryl gallate 1A NA 1 1A 1A 

886-38-4 Diphenylcyclopropenone 1B/1A NA 1 1A 1A 

97-00-7 2,4-Dinitrochlorobenzen DNCB 1A 1A 1 1A 1A 

624-49-7 Dimethyl fumarate 1A NA 1 1A 1A 

111-30-8 Glutaraldehyde (act. 50%) 1A 1A 1 1A 1A 

123-31-9 1,4-Dihydroquinone 1A NA 1 1A 1A 

106-50-3 1,4-Phenylenediamine 1A 1A 1 1A 1A 

94-36-0 Benzoyl peroxide 1A 1B 0 1B 1B 

121-79-9 Propyl gallate 1B/1A NA 1 1A 1A 

95-55-6 2-aminophenol 1A NA 1 1A 1A 

5307-14-2 2-Nitro-1,4-phenylenediamine 1A NA 1 1B 1B 

50-00-0 Formaldehyde (act. 37%) 1B 1A 1 1A 1A 

55406-53-6 Iodopropynyl butylcarbamate 1A NA 1 1A 1A 

111-12-6 Methyl heptine carbonate 1A 1A 1 1A 1A 

96-27-5 Thioglycerol NA 1B 1 1B 1B 

615-50-9 Toluene diamine sulphate 1A NA 1 1A 1A 

97-54-1 Isoeugenol 1A 1B 1 1B 1B 

107-22-2 Glyoxal (act. 40%) 1A 1A 1 1B 1B 

818-61-1 2-Hydroxyethyl acrylate 1B/1A NA 1 1A 1B 

2682-20-4 Methylisothiazolinone 1A 1A 1 1A 1A 

109-55-7 3-Dimethylaminopropylamine 1B NA 1 1B 1B 

107-15-3 Ethylene diamine 1B NA 1 1B 1B 

2634-33-5 1,2-Benzisothiazolin-3-one 1B NA 1 1A 1A 

108-46-3 Resorcinol 1B NC 0 1B 1B 
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141-05-9 Diethyl maleate 1A 1A 1 1A 1A 

91-64-5 Coumarin NC 1B 0 NC NC 

4602-84-0 Farnesol 1B 1B 1 1B 1B 

55-55-0 Metol 1A NA 1 1A 1A 

122-40-7 Amyl cinnamic aldehyde 1B NC 1 1B 1B 

101-86-0 Hexyl cinnamic aldehyde 1B NC/1B 0 NC NC 

5392-40-5 Citral 1B NA 1 1A 1A 

97-53-0 Eugenol 1B 1B 1 1B 1B 

514-10-3 Abietic acid 1B NA 1 1B 1B 

80-54-6 Lillial 1B 1B 1 1B 1B 

104-54-1 Cinnamic alcohol 1B 1B 1 1B 1B 

94-09-7 Benzocaine NA 1B 1 1B 1B 

39236-46-9 Imidazolidinyl urea 1B 1B 1 1B 1B 

106-24-1 Geraniol 1B 1B 1 1B 1B 

97-90-5 Ethyleneglycol dimethacrylate 1B NA 1 1B 1B 

78-70-6 Linalool 1B NC/1B 0 1B 1B 

61-33-6 Penicillin G 1B 1B 1 1B 1B 

2426-08-6 Butyl glycidyl ether 1B 1A 1 1B 1B 

107-75-5 Hydroxycitronellal 1B 1B 1 1B 1B 

110-86-1 Pyridine 1B 1B 0 NC NC 

101-85-9 Amylcinnamyl alcohol NC 1B 0 1B 1B 

62-53-3 Aniline 1B 1B 0 1B NC 

6485-40-1 Carvone 1B NC/1B 1 1B 1B 

140-88-5 Ethyl acrylate 1B 1B 1 1B 1B 

6259-76-3 Hexyl salicylate 1B NC 0 1B 1B 

70560-51-9 Kanamycin sulfate NC NA 0 1B 1B 

80-62-6 Methylmethacrylate 1B NC/1B 1 1B 1B 

71-36-3 1-Butanol NC NA 0 NC NC 

84-66-2 Diethyl phthalate NC NC/1B 0 NC NC 

56-81-5 Glycerol/Glycerin NC NA 0 NC NC 

67-63-0 Isopropanol NC NA 0 NC NC 

119-36-8 Methyl salicylate 1B NC/1B 0 NC NC 

124-07-2 Octanoic acid NC NC/1B 0 NC NC 

57-55-6 Propylene glycol NC NC 0 NC NC 

94-13-3 Propyl paraben NC NA 1 1B 1B 

121-33-5 Vanillin NC NC/1B 0 NC NC 

104-46-1 Anethole 1B/1A NA 0 1B 1B 

150-13-0 4-Aminobenzoic acid NC NC 0 NC NC 
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105-13-5 Anisyl alcohol 1B NC/1B 1 1B 1B 

120-51-4 Benzyl benzoate 1B NC 0 NC NC 

118-58-1 Benzyl salicylate 1B NC 0 NC NC 

106-22-9 Citronellol 1B NC 1 1B 1B 

50-23-7 Hydrocortisone NA NC 1 1B 1B 

5989-27-5 (R)-(+)-Limonene 1B NC/1B 0 1B 1B 

87-86-5 Pentachlorophenol 1B NA 1 1B 1B 

122-99-6 Phenoxyethanol NA 1B 0 NC NC 

102-71-6 Triethanolamine NC NA 0 NC NC 

134-62-3 Diethyl toluamide NC NA 0 NC NC 

108-95-2 Phenol NA NC/1B 1 1B 1B 

59-02-9 Tocopherol 1B NA 0 NC NC 

67-68-5 DMSO 1B NC 0 NC NC 

100-52-7 Benzaldehyde NC NC/1B 1 NC 1B 

110-27-0 Isopropyl myristate 1B NC 0 NC NC 

1154-59-2 Tetrachlorosalicylanilide 1A 1A 1 1A 1B 

1675-54-3 Bisphenol A-diglycidyl ether 1A NA 1 1B 1B 

13706-86-0 5-Methyl-2,3-hexanedione 1B 1B 1 1B 1B 

31906-04-4 Lyral 1B NA 1 1B 1B 

110-54-3 Hexane NC NC 0 NC NC 

7493-74-5 Allyl phenoxyacetate 1B NC/1B 0 NC 1B 

18127-01-0 p-t-Butyl-dihydrocinnamaldehyde 

(Bourgenol) 

1B NC/1B 1 1B 1B 

1885-38-7 Cinnamyl nitrile NA NC/1B 1 1B 1B 

103-50-4 Dibenzyl ether 1B NC/1B 1 1B 1B 

68527-77-5 Isocyclogeraniol NC NA 0 1B 1B 

103694-68-

4 

b,b-3-trimethylbenzenepropanol 1B NC 1 1B 1B 

68683-20-5 Menthadiene-7-methyl formate NA 1B 1 1B 1B 

5462-06-6 4-methoxy-a-

methylbenzene_propanal 

1B NC/1B 1 1B 1B 

1205-17-0 a-methyl-1,3-benzodioxole-5-

propionaldehyde 

1B NA 1 1B 1B 

1604-28-0 6-Methyl-3,5-heptadien-2-one NC NA 1 1B 1B 

127-51-5 alpha-iso-methylionone 1B NC 0 1B 1B 

54464-57-2 OTNE 1B NC 1 1B 1B 

100-51-6 Benzyl Alcohol NC 1B 0 NC 1B 

103-41-3 Benzyl Cinnamate 1B NC/1B 0 NC NC 

6728-26-3 trans-2-Hexenal 1B NC/1B 1 1A 1A 
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6658-48-6 p-isobutyl-a-

methylhydrocinnamaldehdye 

1B NA 0 1B 1B 

2111-75-3 p-Mentha-1,8-dien-7-al 1B 1B 1 1B 1B 

101-39-3 a-methylcinnamic aldehyde 1B NC/1B 1 1B 1B 

111-80-8 Methyl 2-nonynoate (Methyl 

octine carbonate) 

1B/1A NC/1B 1 1A 1A 

93-51-6 2-Methoxy-4-methylphenol 1B NA 0 1B 1B 

122-78-1 Phenylacetaldehyde 1B 1B 1 1B 1B 

17369-59-4 3-Propylidenephthalide 1B 1B 1 1B 1B 
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LLNA vs. Human Comparison: 

N=72  

 

Binary Hazard  

Conservative Approach: assign Human NC/1B as Positive (Sens) 

 Human 

LLNA Non Sens 

Non 3 8 

Sens 12 49 

 

Accuracy:  72.2% 

Sensitivity:  86.0% 

Specificity:  20.0% 

BA:  53.0% 

 

Default to Negative: assign Human NC/1B as Negative (Non) 

 Human 

LLNA Non Sens 

Non 7 4 

Sens 28 33 

 

Accuracy:  55.6% 

Sensitivity:  89.2% 

Specificity:  20.0% 

BA:  54.6% 

 

 

Potency Categories 

Inclusive approach (keep NC/1B as is rather than assign one or the other).  

 

 Human 

LLNA NC NC/1B 1B 1A 

NC 3 4 4 0 

1B 12 15 17 3 

1B/1A 0 1 1 0 

1A 0 0 3 9 

 

69.4% accuracy overall 

 

LLNA predictive accuracy by Human Category: 

NC:   20% 

NC/1B:   100% 
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1B:   72% 

1A:   75% 
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Figure Annex B.1. A heatmap of hazard predictions (i.e. sensitiser/non-sensitisers)) for each for 

each of the DAs against the LLNA and human reference data for 105 chemicals. 

“True” sensitisers are indicated for each chemical in dark red for the LLNA and human columns.  Predicted 

sensitisers are indicated in light red for each of the DAs. Whitespace indicates that DA predictions or 

reference classifications were not available due to lack of data. 
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Figure Annex B.2. A heatmap of potency predictions for GHS categories (i.e. 1A/1B/NC) for the 

Kao ITS (v1 and v2) DAs against the LLNA and human reference data for 105 chemicals. 

Strong (1A) sensitisers are indicated in dark red, weak (1B) sensitiser are light red, and non-sensitisers are 

light beige for each chemical. There are six chemicals for which the LLNA reference data led to a positive 

classification but could not distinguish between 1A/1B; these are indicated in bright red. Ambiguous 

classifications for the human data (NC/1B) are darker beige. Whitespace indicates that DA predictions or 

reference classifications were not available due to lack of data.  
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 Detailed protocol for OECD Toolbox Predictions. 

164. The following protocol was used to generate read-across predictions for 

skin sensitisation hazard using QSAR Toolboxv4.3, and used as the in silico 

information source for the ITSv2 DA. 

Protocol for Generating Read-across Prediction for Skin Sensitization Hazard 

Using QSAR Toolbox v4.3  

1. For batch processing, make a .smi file that contains SMILES and CASRN for each chemical 

(one chemical per row). The file should have no headers. 

2. After opening the QSAR Toolbox v4.3 program file, click the “Input” icon in the top row to 

highlight it, then select the “List” icon from the “Chemical List” heading in the second row. 

When the file list appears, choose the .smi file to import it. 

3. Choose “OK” in the popup screen noting that all structures were successfully imported. 

4. Click the “Data Gap Filling” module in the top row. Under the “Workflow” heading in the 

second row, select “Automated.” In the “Select workflow” popup, choose the button for “Skin 

Sensitization” and then select “OK.”  

5. In the popup window for “Skin Sensitization: Which data do you want to use?” select the button 

for “EC3 from LLNA or Skin sensitization from GPMT assays” and then select “OK.”  

6. A popup window will ask for the chemical entries that are to be analyzed. If the entire chemical 

list is to be analyzed, select the “OK” button. If a limited selection of chemicals is to be 

analyzed, input the appropriate entries (i.e., enter the row numbers for the chemicals to be 

analyzed) and then select “OK.” 

7. The automated workflow will proceed to make predictions. 

8. After the workflow has completed the analyses, export the data matrix obtained by right clicking 

on the endpoint tree and selecting “Export Data matrix.”  
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9. Examine the exported .csv file to locate substances without a prediction from the automated 

workflow. For those substances, perform an additional analysis by manually using the “Skin 

sensitization for DASS” profiler to make a skin sensitization hazard prediction. (This profiler 

will be automated in future versions of QSAR Toobox.) 

a. Select the “Profiling” module in the top menu. Under “Profiling methods” in the left-

hand menu, select “Protein binding alerts for skin sensitization by OASIS” and also 

select “Autoxidation simulator” and “Skin metabolism simulator” under 

“Metabolism/Transformations.” Then click “Apply” on the top left of the screen. Select 

“Yes” in the “Profiling” popup window to generate profiles on all metabolites. 

b. After the profiling information has populated the data matrix, export the data matrix by 

right clicking on the endpoint tree and selecting “Export Data matrix.” In the popup 

window for “Matrix export,” select the profiler and metabolism/simulators and then 

select “Export.” 

c. In the downloaded .csv file, most substances will have multiple entries to provide the 

profiling results for the target chemicals and their associated auto-oxidation and skin 

metabolism products. For substances that did not have a skin sensitization hazard 

prediction from the automated workflow, make predictions using the profiler 

information by considering all of the results for each chemical. Classify a substance as 

negative for skin sensitization hazard only if all entries for “Protein binding alerts for 

skin sensitization by OASIS” are “No alert found.” Substances with any other profiling 

alert for the target chemical or any transformation products are classified as positive for 

skin sensitization hazard. 

 


