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DPRA Direct Peptide
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Defined Approaches

In silico
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In vitro method
A results
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B results
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Interpretation
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DEFINED APPROACH

Weight of Evidence
assessment for use in
risk assessment

Regulatory decision
making/ Classification &
Labelling

//

Guideline No. 497

Guideline on Defined Approaches for Skin
Sensitisation

14 June 2021

OECD Guidelines for the
Testing of Chemicals

@) OECD

OECD 497
Defined Approach (DASS)

(D) Human Safet
g@ Ensuring Safe Produc’X



NAM - Defined Approaches

Hazard Potency (GHS 1A/ 1B) Potency grouping Continuous PoD values

OECD (2021), Guideline No. 497

e Hacen Ctpes
Score. h-CLAT DPRA DPRA In silico Layer Layer Layer
MIT pg/mL mean Cysteine and Lysine% depletion  Cysteine % depletion” (ITSvi: DEREK;
ITSv2: OECD TB) DPRA-Cys O
3 =10 24247 20824 O X “’1
DPRALys <V
0 0 2 10, %150 20262, <4247 203,00, <9824 / LLNAEC3
1 >150, <5000 26,38, <2262 213.80, <23.09 Posiive KeratinoSens™ O "‘7“",,,_ ‘
0 not calculated <638 <1389 Negative J"i
— h-CLAT CD86/CDS54 O /\
” :
_ N Potency Total Battery Score Cell tox (CV75) [Q}
UN GHS 1A 67 In silico TIMES or d
Toxtree
UN GHS 18 25 In vivo test
Not dassid o In vitro/in silico data data
ITSV1/v?2 BN-ITS ANN EC3 (Hirota et al 2015, 2018)
2 t of 3 (Jaworska et al. 2015, Kern et al. 2022 in prep)
O u O Tier 1: Hazard Tier 2: Potency
Tier1 givesasan output, Tier2 givesasan output,
aprobability tobe a « Sensitizer» [P(S)]  a probabilitytobe aCat. 1A [P(Cat.1A)]
TIMES-SS MW
TOXTREE clogP
Volaftility Volatility
pH DPRA  ——* Cat. 1A
DPRA P>30% KeratinoSers | P>60 %
KeratinoSens ProceedtoTIER 2 SENS-IS
U-SENS U-SENS
l P <30% l P <30%
No Cat. Cat. 1B

Benchmark

Sequential Testing Strategy (Reynolds et al. 2019, Gilmour et al 2022) SARA

Tourneix et al. 2019 LAl
( ) (D)) Human Safety
& Ensuring Safe Products
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NAM - Defined Approaches - More Methods

Hazard Potency (GHS 1A/ 1B) Potency grouping Continuous PoD values

y GARD" skin DDSE-HESPDHS&
GARD" skin GARD" potency 200 genes
200 genes 91 genes

Quantitative assessment of skin
Binary hazard identification of skin An add-on in vitro test to GARDskin sensitization potency on a
sensitizing chemicals. for potency classification according continuous scale.

e SENS-/S

—

)

D e re k b Conduct K5 and DPRA

a “Conduct KS and DPRA
2 neg nexus . rt_sulls
result o
- o ser H results J Conduct h-CLAT
“sensitizer i = Conducl h-CLAT agm EQ 6 to derive m
In Silico QSAR . & S T
h-CLAT + KS . InAD Df kDPRA? | pos
Lfr‘ﬁ | 1B Pn-.tln-'r a
M O d e IS kDPRA for subclassification: h-( |.|\ + DPRA pe
h-CLAT + DPRA po ) l o
[ EQ 1 to derive PoD ] results
| 203 DA inconclusive; further data / | In AD of kDP“A?
203 OA inconclusive; further data/ N |__non-sensitizer -
p i ded |__non-sensitizer | L infermation needed J.,.m
information neede o o |kDPRA for subclassification,
I EQ 4 to derive PoD

Natsch & Gerberick 2022 Aby
DISCLAIMER: not a complete list w@ Human Safety
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Test Chemical

S

Concordant?

YES
v

Classify based
on concordance

Classify based on
2/3 concordance

2 out of 3

Hazard prediction only

ITSv1/v2

GHS 1A, 1B, NC, inconclusive

Both assays are applicable

I sn\ No

prediction in
domain?

MNo

One asday is apphcable

i silico
prediction in
domain?

All information souwrces

Sum scores from Sum scores from
DPRA, h-CLAT and Surm seores from applicable assay
Derek/OECD DPRA snd h-CLAT and Derek/OECD
Q5AR TE QOSARTHE
Combined Combined Combined
ITS predict ITS prediction ITS prediction
score . e oone SO
&7 UM GHS 1A L] UN GHS 1A 34 UN GHS 1*
-5 UN GHS 18 5 UN GHS 1* 2 LN GHS 18
o1 NC 14 UN GHS 18 01 Inconclusive
1 IncoRclusive
0 NC

Partial information sources
= two in chemica/fin witro
autoomes

Partial information Sources
— one in chermicoy/in witro
outcome and the in sifico

prediction

*Conclushe for hazand, inconchusive for potency

DA/Method Information Capability Hazard Hazard Potency Potency
Sources (Hazard and/or ~ Performance vs.  Performancevs. | Performancevs.  Performance vs.
Potency) LLNA Human LLNA Human
(Accuracy) (Accuracy)
203 DA DPRA, Hazard 84% BA, 88% BA, - -
KeratinoSens™, h- 82% Sens, 8%% Sens,
CLAT 85% Spec 88% Spec
ITSv1 DA DPRA, Hazard, 81% BA, 69% BA, 70% NC, 44% NC,
h-CLAT, DEREK Potency 92% Sens, 93% Sens, 71% 1B, 77% 1B,
Nexus v6.1.0 70% Spec 44% Spec 74% 1A 65% 1A
ITSv2 DA DPRA, Hazard, 80% BA, 69% BA, 67% NC, 44% NC,
h-CLAT, OECD Potency 93% Sens, 94% Sens, 72% 1B, 80% 1B,
QSAR Toolbox v4.5 67% Spec 44% Spec 72% 1A 67% 1A
LLNA (provided in vivo Hazard, - 58% BA, - 25% NC,
for comparison) Potency 94% Sens, 74% 1B,
22% Spec 56% 1A
GLOBALLY HARMONIZED
fc E C H A SYSTEM OF CLASSIFICATION
. AND LABELLING OF
EUROPEAN CHEMICALS AGENCY October 2021 CHEMICALS (C]—]S)

Skin sensitisation

Nintls revised edition

Y UNITED NATIONS
York and Geneva, 2021

‘o
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Sequential Stacking Meta-Model

Tier 1 Tier 2 .
Hazard Potency « 2 Tier model: hazard ID
e M followed by potency
roxTREE clogk. categorization
Volatily Velatify *  GHS subcategories (1A
New ’
chemical pH [ Sensifizer :> DPRA 1B, NC)
Chemica 1o b auNosondtzanor | roceed IoTeRe | ferstnasen - Bayesian approach:
i Sensitizer » KeratinaSens 1@52. determines the probability to - . .
. e be sfiher o « shrong/exreme »or probability information —
U-SEMS SEMS-IS LB e W . . . .
| £ 30% > UN GAS cat. 18 confidence in prediction
Probability = 30% == Non Sensitizer ¢ LLNA tral n I ng Set

Calculate max concentration
Default NESIL = 500 ug/cm?
Or gppropriate NESIL based on

Table 2

Predictive performance of the defined approach using a stacking meta.-model for human and LLNA hazard data with =30 and =70% probability cut-offs.
Probability cut-offs: =30 and =70% applied to the stacking meta-model Chemicals with hazard prediction Sensitivity (%) Specificity (%) Accuracy (%) Kappa
DA predictions vs. human 97 91 (58/64) 76 (25/33) 86 (83,/97) 0.67
DA predictions vs. LLNA 97 85 (64/75) 91 (20/22) 87 (84/97) 0.67
DA predictions vs. composite reference 97 B7 (65/75) 95 (21/22) B89 (86/97) 0.72
LLNA ws. human 97 92 (59,/64) 51 (17/33) 78 (76/97) 0.48
LLNA vs. human 105 92 (62/67) 23 (20/38) 78 (82/105) 0.49
DA predictions vs. human 66 BB (38/43) 65 (15/23) B0 (53/66) 0.55
LLNA vs. human 66 91 (39/43) 39 (9/23) 73 (48/66) 0.33

LOREAL -

* Composite ref. for Human potency cat.5 + LLNA neg. = NS and cat.5 + LLNA pos. = §.

Resesarch & Innavation ¥ Test set of naive chemicals not used to develop nor challenge the defined approach for which a hazard prediction was generated using the 30,/70% probability ‘(f' ', Human Safet

cut-offs (Del Bufalo et al., 2018). Ensuring Safe Products



kDPRA and “2 out of 3”

- 2 Tier model: hazard ID followed by potency prediction
«  Testing sequence including GHS categories and POD

‘ determination combined with the “2 out of 3” approach

e e Several multiple linear regression models

Conduct KS and DPRA

Zlg
esult

h-CLAT + KS : T . T
— * Use of kDPRa data in combination with others NAM
sensitizer
el e «  Use of an uncertainty factor to be applied
'2°’°‘*.::::::.::;::::::::"’“’ == *  LLNAtraining set
b Conduct KS and DPRA Tab. 2: GHS sub-classification of the chemicals in the OECD database by the 203 DA combined with kDPRA
2 ne,
o ﬁ Prediction 203 DA with KDPRA
non-sensitizer
. NC 21 16 0
'o_ sensi t izer results " c“"d“d h-CLAT EQE o dern.-e 1B 3 34 7(4)
f . m h-CLAT + KS m 1A 1 14 26 (29)
In AD of kDPRA? | pod.
'L\-'es ]Bsenstlz?r @
kDPRA for subclassification| h-Cl .n.‘ + DPRA p Correct 84% S53% 79% (88%)
I . spm.t izer o Under NA 25% 21% (12%)
|__EQ1toderivePoD | _ Uuﬁh Over 16% 22% NA
203 DA inconclusive; further data [ | | - izer | In ADD*EDPRM Inconclusive n=8 n=21 n=5
infarmation needed . SEnsTTe yes < 5 &
e ' o [kDPRA for subclassification| * The values are based on applyi . and 203 DA. In brackets are given the values if taking the
4 AD of the kDPRA into account and applying Scenario 3a in Figure 1 (Using EQ6 for chemicals outside of AD of kDPRA).
| EQ 4 to derive PaD

(). Human Safet
&r@ Ensuring Safe Product¥



B N r ITS Defl N ed A p p r0acC h - Bayesian network model: captures

conditional dependencies between
variables

- Hazard ID and Potency evaluation

- Target data: LLNA potency categories
based on EC3 values (NS, weak,
moderate, strong)

*  Prediction of potency categories and
uncertainty evaluation using probability
distribution and Bayes factors

«  Conversion to EC3 values (continuum
POD) possible

Potency PEC3 Category (Experimental)

1 2 3 4 Accuracy = 74%
62 6 2 2 Accuracy +1/-1 = 93%
Over-predicted = 15%

3 31 7 0 Under-predicted = 11%
5 8 48 9
3 4 13 34

1)) Human Safet
&f@ Ensuring Safe Produc’x



Hidden  Output
Layer Layer
LINA EC3
In vivo test
In vitro/in silico data data

One or more
positive

‘ DPRA, KeratinoSens™ h-CLAT ‘

| All assays are

Predicted EC3 by
ANN model

negative.
(Bottom up 3 out of 3)
Y

Read across

A
Non sensitizer

Strong/extreme

Non/weak/moderate

Need 10 times
safety margin

Upper use level of each product type
is determined by QRA2

TABLES Correlations between LLNA EC3 classified into four categories and predicted LLNA classification obtained with ANN modeils 1, 2, 4 and

6(n=134)
["LLNA chssification (in vivo)
Potency category m (26) Moderate (37) Weak (31) NS (40)
(A) ANN model 1 Extreme or strong 19 3 0 0
(Minlh-CLAT&cell toxicity)/ Moderate 6 17 7 0
DPRA/ KeratinoSens™) Weak 1 15 23 24
Negative, predicted EC3 > 100% 0 2 1 16
Accuracy (%) 560
Overpredicted (%) 254
Underpredicted (%) 187
(B) ANN model 2 (h-CLAT Extreme or strong 21 3 0
DPRA/ KeratinoSens™; Moderate 4 15 10 0
cell toxicity) Weak 1 17 19 24
Negative, predicted EC3 > 100% 0 2 2 16
Accuracy (%) 530
Overpredicted (%) 276
Underpredicted (%) 194
(C) ANN model 4 (h-CLAT Extreme or strong 20 4 0 0
DPRA/ KeratinoSens/cell Moderate 6 25 9 1
toxdcity™/TIMES-M) Weak 0 6 21 14
Negative, predicted EC3 > 100% 0 2 1 25
Accuracy (%) 679
Overpredicted (%) 209
Underpredicted (%) 112
(D) ANN model 6 (h-CLAT/DPRA/ Extreme or strong 22 < 0 0
KeratinoSens/cell toxicity™/ Moderate 3 18 10 1
Toxtree) Weak 1 13 20 20
Negative, predicted EC3 > 100% 0 2 1 19
Accuracy (%) 590
Overpredicted (%) 261
Underpredicted (%) 149

2 Tier model: hazard ID
followed by potency
prediction

LLNA EC3% predicted —
continuous value

No categorization

No probability
Information

LLNA training set

Applied at EPA for
iIsothiazolinone RA

JHI/EIDO &I Human safety




NH,

NH,

Prioritise @ & de-prioritise )

assays using exclusion criteria

*Assay measuring the Malecular intiating
Event/KE1 of the skin sensitisation
Adverse Qutcome Pathway (ADP)

* DPRA
*Assay measuring the 2 Key Event of
the skin sensitisation AOP

* KeratnoSens™/LuSens
*Assay measuring the 3@ Key Event of
the skin sensitisation ADP

* h-CLAT/U-SENS™

(Macmillan & Chilton 2019)

POTENCY PREDICTION USING
K-NEAREST NEIGHBOURS MODEL

Basketter 1 (GHS 1A)

@ Potency Basketter 2 (GHS 1A)
‘ - prediction
model Basketter 3 (GHS 1B)
o C=D
o Basketter 4 (GHS 1B)

5 ,
o CEED-
- T
"
Dou >
7\
oo R T o—CED-

$ Basketter 5/6 (GHS not classified)

Table 7
The skin sensitisation potency predictivity of the DA (and LLNA) compared to both LLNA and human reference data.

Tiered approach: Hazard ID
and potency categorization

6 categories

Combination of DEREK alerts
with “2 out of 3” and a nearest
neighbour prediction model

Updated with EC3 prediction

Benchmark data Potency category GHS classification

n Owver-predicted Correctly predicted Under-predicted n Ower-predicted Correctly predicted Under-predicted
DA vs LLNA 174 0% 9% 21% 174" 12% 73% 15%
DA vs Human K 14% 68% 18% 79 10% T6% 14%
LIMNA vs Human 89 5% 5404 21% 79 20% B5% 15%

* 20 chemicals with a hazard prediction not given a potency prediction by the DA.
" 23 chemicals with a hazard prediction not given a potency prediction by the DA.

(). Human Safet
&r@ Ensuring Safe Product¥



T N T
SENS-IS assay versus Weight of Evidence Skin

Sensitisation Potency Categories

CRCERIELeN Potency categor Dose per unit area
leading to Pos. y gory P
0.1% Extreme 28 pg/cm?
-—— 1% Strong 280 pg/cm?
10% Moderate 2803 pg/cm?
50% Weak 14000 pg/cm?
2 SENS-IS biomarker
625 SIS b O a ers 100% Very Weak 28000 pg/cm?
(ARE, SENS-IS, Irritation genes)
Human Cat.
Category Name
9or (g/cm?)
g 54 e Extreme <25
R 4 Strong 25 - 500
\“’ - Moderate 500 - 2,500
il B Weak 2,500 - 10,000
g | _— F Very Weak > 10,000
174 Non Sensitizer Negative

(D)) Human Safety
Na et al. reg. Tox pharm. 2022 Cottrez et al. (2016) & Ensuring Safe Products
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SENS-IS assay versus Weight of Evidence Skin

Sensitisation Potency Categories

SENS-IS
Extreme | Strong |Moderate| Weak |Very Weak NS
WoE
Extreme 2 0 1
Strong 12 5 1

Moderate 5 18 6
Weak 1 14 27
Very Weak 0 7 17 12 38/68 predicted to be stronger
sensitizers by SENS-IS
0

NS 0 4 19 _
30/68 predicted to be weaker
sensitizers by SENS-IS

0
0
2
6

RO,

o

REDNBOI|W|O|O

o

Exact match Approximate Off

N )
-
wo I-__

5000 10000 15000 20000 25000
(Hg/cm2)
S RIFM
(== m Extreme m Strong m Moderate » Weak ® Very Weak

RESCARCH MSTITUTE FO®E
FRAGRANCE MATERIALS

Na et al. reg. Tox pharm. 2022

13/26 predicted to be stronger
sensitizers by SENS-IS

13/26 predicted to be weaker
sensitizers by SENS-IS

15%
46%

39%

(D) Human Safet
w Ensuring Safe Product¥
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GARD Skin Sensitisation Assay Portfolio

From binary hazard identification to quantitative potency information on a continuous scale

OECD TG 442e GARD" skin GARD" potency GARD" skin Dose-Response
200 genes 51 genes 200 genes

CQuantitative assessment of skin
sensitization potency on a
continuous scale.

Binary hazard identification of skin An add-on in vitro test to GARDskin
sensitizing chemicals. for potency classification according
to GHS/CLP (1Aor1 B)

GARDskin predictions

11 GARDpotency predictions
| |
-- Tolucae diamine sulphate - .. % X
] rropyt ot - [ I _ Performance statistics:
1 I — | ' .
| et - N O GARDskin accuracy: 94%
e . || . SO W GARDpotency accuracy: 88%
Farmaldehyde = g r skin DV 2 0 = Skin sensitizer :
] o == GARD Defined Approach: 86%
|| tNiwobeary ’
== Weseies | |- %
-- ammino iphenod sulphate .
== Meruaptobenzd| be - .. s Yoo " o
-- Hrome I;x: == 'oncentration (uM)
| | '
- -- Ethylene gl m c - ..
L | Diethy! maleste = .-
B - - -l E. [ JeaRD  JLLNA
I 5
B ] hot - | I Responsevalue DV si
=== SR n—_ =. Binary Threshold DV =0 SI=3
LDurcth y laeninoy k
S_NZA --= e N Readout cDV, [DV, Concentration] EC3 Concentration AR
C=N ., = () Human Safety
i g7 ° = & & 4 Gradin et al. 2021 Ensuring Safe Products



RIFM — GARD Evaluation

Test Name Predicted Reference Predicted | Reference Predicted Reference
Item LLNAEC3 (%)' | LLNAEC3 (%)' | HP Cat HP cat!! NOEL (pg/cm?) NOEL (pg/cm?)!
S1 Farnesol 5.02 [2.46, 10.3) 4.8 4 (0.357) 3 2090 (795, 5490) 2755
S2 Citronellol 27.6 (8.14, 93.9) 43.5 5 (0.481 5 21800 (3560, 134000 29528
S3 Iso-cyclo Geraniol | 39.4(10.2, 100] 25 5 (0.547 4 35500 (4660, 271000 3898
S4 Geraniol 12.2 (4.75. 31.2) 16.2 4(0.38) 4 7070 (1840, 27100] 3875
S5 Citrone B Non-Sens 64.98 Non-Sens 4 Non-Sens 2780
Sé Majantol 18.5 (6.29, 54.5 29.2 5 (0.406 4 12600 (2600, 60900) 9900
S7 Hexyl salicylate 2.1711.13,4.17 0.18 4 (0.285 4 658 (270, 1600) 35433
S8 Cosmone 3.86 (1.96, 7.59) 16.4 4 (0.338) 5 1450 (589, 3590) 10000
S9 Evernyl 4.68 (2.32, 9.45) 19 4 (0.352) 5 1890 (736, 4880) 11810
S10 | Eucalyptol Non-Sens 65.9 Non-Sens 4 Non-Sens 590
Natural Cosmos
S11 | Mayol 19.9 (6.6, 60.3) 44 510.42) 5 13900 (2760, 70300) 17717
S12 | Benzyl benzoate Non-Sens 17 Non-Sens 5 Non-Sens 20690

LLNA EC3 values were provided by RIFM.
Human NOEL and HP cat were obtained from Basketter (2016) and API

GARDskin Dose-Response
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Geraniol -

Hexyl salicylate -

Isocyclogeraniol -

Majantol -

GARDskin Dose-Response
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o

1.0—-

Benzyl bensoate -

Citrone B~

Citronellol-

.
.
.
. .
. .
.
' ' ' ' ' ' ' '
o ® o = = £ b - L
= o o -— [~ o
< e c w = o -3 - i
o £ < o c 5 c = 3
£ -3 ] c o > o s
& 3 S E i o [ Fy =
o o w & 3 ™ & b
o = 2 g
“ .~ [
- | x oy
r— £
) T o
z =
s
o
S
[}
9
2
o
" Ly

Ensuring Safe Products

~
e
=



SARA Defined Approach

HRIPT
sample
variability

Human population
variability in the
HRIPT

Probability of
sensitisation
at HRIPT dose

Variability in
sensitiser
potency (prior for
human potency)

Human sensitiser
Potency (PoD)
(logarithm
of HRIPT EDy,)

Relationship
between the
human
potency
metric and
the expected

Key

Conditionality
direction in likelihood

 ———

SARA
regression
model
component

1
.
.
.
1
.
.
.
1
.
.
SARA .
variability H
1

.

.

.

1

.

.

1

1

.

.

1

.

model
component

Model output Auxiliary output

(latent variable) (latent variable)

predictor in
the LLNA,

Benchmark
exposure

Risk
classification

DPRA and
cell-basedin

Relationship between
sensitiser potency and e
risk in market (logistic sensitisation

regression model)

Exposure risk
metric

Benchmark

Expected
LLNA
predictor

Historic in vivo

Variability of EC5s in
the LLNA (variability
model)

LLNA predictor
(converted EC3)

Expected
DPRA
predictor

Variability of DPRA DPRA predictor
results (variability (converted max.
model) depletion)

In chemico

vitro tests for

Expected
KeratinoSens
predictor

Expected
h-Clat
predictor

Expected
U-Sens
predictor

Variability of KeratinoSens
KeratinoSens results predictor
(variability model) (converted EC, 5)

h-Clat predictor
(converted min.
of CD86 EC1so
eeel) and CD54 ECong)

Variability of h-Clat
results (variability

Variability of U-Sens U-Sens predictor
results (variability (converted CD86
model) ECis0)

In vitro
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SARA probability exposure is "low risk"
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Margin of Exposure

Bayesian statistics to infer a probability
that a consumer exposure to some
chemical can be considered low risk
(SARA risk metric) for induction

Uses a database of public NAM data,
and historic LLNA and HRIPT data

The PoD metric i1s a dose with a 1%
chance of human skin sensitisation
(EDO1)

The model accounts for variability in
the data
Incorporates benchmark exposure

SARA can also predict hazard, GHS
categories, POD (continuous scale)
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Training sets and Performance

«  NAM/ DA not trained / built with human data

* LLNA dataset used for all (most) as training set
— Potency categories or EC3 continuous values
— Similar data used for all DA/ models (applicability domain)

*  Human benchmarks incorporated in some to determine risk

- Performances evaluated against LLNA
— OECD LLNA reference database (168, 123 with 1A/1B) or others
— Comparable performance (for hazard, potency difficult to compare)
— Better for hazard than potency (drops with more categories)

* Relevance to humans / Performances against human data
— Some NAM/ DA evaluated against human data
— OECD human reference database (66, 55 with 1A/ 1B)

08 o,

Human Safety

Ensuring Safe Products



Use for QRA/ NGRA: Conversion of Prediction into POD

- Conversion of LLNA categories or EC3% to
ng/cm? using a conversion factor (1% = 250

png/cm?)
Extreme o1 e . *  GHS categorization models limited in deriving
o POD (only < or > 500 ug/cm?)
Strong 201-<1 225 - <250 10
Moderate >1-<10 >250 - <2500 100 Some methods (Bayesian) allow confidence
evaluation around predicted value
Weak 210-<100 22500 - <25000 1000

« Genomic methods — unigue conversion
GHS 1A < 2% < 500 < 500 approaches

*  PoD metric of SARA Is a dose with a 1%

GHS 1B > 2% > 500 500 . _ .
” chance of human skin sensitisation (EDO1)
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Some final Comments...

- NAM/ DA remain categorical for most, but progress was made towards better
potency prediction (ie. Continuous values)
—  What is sufficient?

*  Progress made towards POD setting for QRA.

« Conversion to POD not uniquely done
« Conservatism / confidence in prediction differs between NAM/ DA

- Bayesian DAs enable experimental data variability to be modelled and
uncertainty in POD & risk metrics can be factured into decision making

- Shortcomings of the animal reference standard must be acknowledged
Human biological and mechanistic relevance of the DA needs to be established
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Thanks to the CE Skin Tolerance Task Force and colleagues!
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