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Presenter Notes
Presentation Notes
This slide shows how the skin sensitization tests in OECD test guidelines map to the key events of the skin sensitization AOP, which provides a framework for molecular, cellular, organ, and organism responses to the skin sensitization process. 

Key events are; binding to skin proteins, activation of inflammatory processes in keratinocytes, activation and mobilization of dendritic cells, and then T-cell proliferation. 
Guinea Pig Tests induce sensitization and then assess elicitation. Guinea pig is in TG 406 
Murine Local Lymph Node Assay Evaluates the initiation phase of sensitization only. Proliferation of lymph node cells in the draining lymph node serves as a marker of sensitization. LLNA is TG429, 442 A, B,  
The LLNA was originally developed as a reduction and refinement of the guinea pig testing methods

Then there are the non-animal test guidelines that cover key events 1-3.  Each TG contains at least 2 test methods. 
Key events are: 
1.binding to skin proteins - Direct peptide reactivity assay from TG 442C maps to this key event
2. activation of inflammatory processes in keratinocytes – KeratinoSens in TG 442D, which measure activation of the Nrf2-ARE pathway. 
3. activation and mobilization of dendritic cells-  h-CLAT in TG 442E

The non-animal test guidelines cannot be used alone to determine skin sensitization hazard or potency category, so we need defined approaches for skin sensitization, DASS, which combine multiple methods in a specific manner to make classifications of hazard and potency. 
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OECD Defined Approaches for Skin Sensitization Guideline Project

« Extensive curation efforts undertaken to build LLNA (168 substances) and human
(66 substances) reference databases

 Applicability domain and DA confidence were defined
* The resulting Guideline 497 was adopted in 2021
* [t meets regulatory requirements of:

— DAs that discriminate between sensitizers and non-sensitizers

— DAs that discriminate strong from weak/moderate sensitizers (i.e., GHS potency categories)

« Future work will cover DAs that address regulatory needs of quantitative risk
assessment

— US and UK leading a project under OECD for evaluating a defined approach that can provide a
point of departure for quantitative risk assessment


Presenter Notes
Presentation Notes
An OECD project led by Joint Research Commission, US, and Canada evaluated combinations of non-animal tests (defined approaches) that could replace animal tests for skin sensitization hazard and potency categorization. Defined approaches use specific data sources that are integrated using specific methods (e.g., rule-based or statistical methods)

This was a 4 year effort that involved extensive curation of LLNA and human reference databases.  Applicability domain and confidence were defined.

The guideline, adopted in 2021, will facilitate regulatory acceptance of non-animal defined approaches. It is covered by the Mutual Acceptance of Data agreement whereby data generated in one OECD member country is acceptable in other member countries if generated under GLP.
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Models For Conducting Risk Assessment

(e.g. LLNA, HRIPT), in vitro (e.g. DPRA,
KeratinoSens, h-CLAT)

Departure)/ AEL
(after application of
safety factors)

Model | Input Output Species | Conversion to Open source | Source
type dose/unit area?
ITSv1/ITSv2 | DA DPRA, h-CLAT, KeratinoSens, DEREK/OECD Potency Sub- Human | N/A Yes (OECD, 2021)
Toolbox category (GHS)
STS DA h-CLAT, DPRA Potency Sub- Human | N/A Yes (EPA, 2018;
category (GHS) Takenouchi et al.,
2015)
BN-ITS3 DA DPRA, h-CLAT, KeratinoSens, TIMES-SS, pEC3 (Point of Mouse | Yes No (Jaworska et al.,
bioavailability (solubility at pH 7, Log D at pH | Departure) 2015)
7, plasma protein binding, fraction ionized)
Shiseido DA DPRA, h-CLAT, KeratinoSens/LuSens EC3 (Point of Mouse | Yes Yes (Hirota et al., 2015)
ANN Departure) (Kleinstreuer
et al., 2018)
20f3 DA Combination of: DPRA, kDPRA, h-CLAT, pEC3 (Point of Mouse | Yes Yes (Natsch and
Regression KeratinoSens/LuSens, Vapor Pressure Departure) Gerberick, 2022)
SARA-ICE DA Any combination of: HRIPT, LLNA, DPRA, EDO1 (Point of Human | Yes Yes (in the (Reynolds et al.,
kinetic DPRA, KeratinoSens, h-CLAT, U-SENS Departure) future) 2022, 2019)
QRA2 WOE Any combination of available data: in vivo NESIL (Point of Human | Yes Yes (Api et al., 2020)
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Skin Allergy Risk Assessment Defined Approach (SARA DA) was developed
for application as part of a tiered, WoE NGRA framework
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* Unilever NGRA framework for Skin Allergy was designed to The use-case of the SARA DA is to estimate:
use a WoE based upon all available information, 1. ED,,, for all chemicals in the SARA database (which may include
accommodate range of consumer product exposure data for some chemical of interest)
scenarios and provide a quantitative point of departure and 2. probability that a consumer exposure to some chemical is ‘low

risk metric - SARA DA risk’, conditional on the available data and the model
Reynolds et al 2022 https://pubmed.ncbi.nlm.nih.gov/35835397/



https://eur01.safelinks.protection.outlook.com/?url=https%3A%2F%2Fpubmed.ncbi.nlm.nih.gov%2F35835397%2F&data=05%7C01%7CGavin.Maxwell%40unilever.com%7C40e92ea2d548499a0d4808dba89cb7d7%7Cf66fae025d36495bbfe078a6ff9f8e6e%7C1%7C0%7C638289163272199401%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C3000%7C%7C%7C&sdata=8HfduiEgbisAJAXdlhSJlesubgarHsRHg%2FT%2BpS9fKyo%3D&reserved=0

NIH National Institute of
Environmental Health Sciences

Division of Translational Toxicology

Unilever Team

Georgia Reynolds
Nicola Gilmour

.'\ National Toxicology Program

U.5. Department of Health and Human Services

NICEATM News -z

In this Newsletter:

NMICEATM to Collaborate with Unilever on Development of Predictive Model for Skin
Sensitization

Joe Reynolds

Gavin Maxwell

NICEATM to Collaborate with Unilever on Development of Predictive Model for Skin
Sensitization

MICEATM has entered into an agreement with consumer products company Unilever to
collaboratively test and further develop their Skin Allergy Risk Assessment (SARA) predictive model.
SARA is a computational model that uses a variety of input data to estimate a probability that a
chemical will cause an allergic skin reaction in humans. NICEATM will test the SARA model using a
variety of chemical data sets, including chemicals of interest to U.S. and international regulatory
agencies., NICEATM and Unilever will also work together to expand the SARA model to include data
generated by MICEATM. The intent is to make the SARA model openly available for public use along
with other NICEATM predictive models. Availability of the SARA model will help further reduce animal
use for the endpoint of skin sensitization, and will improve upon existing efforts by providing points
of departure for guantitative human risk assessment.

Information about other NICEATM projects to evaluate alternatives to animal use for skin
sensitization is available at https://ntp.niehs.nih.qgov/go/ACDtest.

Reference: Reynolds et al. Probabilistic prediction of human skin sensitizer potency for use in next
generation risk assessment. Comput Toxiol 9:36-49. https://doi.ora/10.1016/i.comtox.2018.10.004

NICEATM Team

Nicole Kleinstreuer
Emily Reinke
Dori Germolec

Dave Allen
Tripp LaPratt
Michaela Blaylock
(Judy Strickland)
(Jim Truax)
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Modification of SARA DA to create SARA-ICE

Database

Aim to expand the core
dataset underpinning the
model using data in the ICE
database (relaxing the
constraint that chemicals be
limited to cosmetic
ingredients).

)
> Integrated
Chemical
@ Environment
[*)

ICE: Integrated Chemical Environment (nih.gov)

Risk benchmarking

Drop the risk benchmarking
component of the model — the
current set of benchmarks are
limited to use of consumer goods.
Use the model for human potency
estimation for quantitative risk
assessment.

GHS classification

Add functionality to predict GHS
classification (estimated as a
class probability) to
communicate uncertainty in
classification.

1071 10! 10° 10° 107

Probability
o o o
= (=1 [=2]

I
¥

o
o

1A 1B NC
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Figure (a) Example estimate of ED,, distribution
with overlay of GHS subcategories 1A, 1B and NC
defined thresholds, (b) probability of each GHS
subcategory from ED,, distribution


https://ntp.niehs.nih.gov/whatwestudy/niceatm/comptox/ct-ice/ice
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SARA-ICE DA: Skin Allergy Risk Assessment - Integrated Chemical Environment Defined Approach

In vivo
HPPT,
LLNA

In vitro
OECD
TG

SARA-ICE database:

443 chemicals

1,407 in vivo studies
2,575 in vitro studies

Bayesian statistical
model (SARA-ICE)

SARA-ICE model:
Network of probability
distributions to describe
associations between all
data types

GHS classification thresholds:
Threshold 1A/1B: 500 pg cm™
Thresholds 1B/NC: 60,000 pg cm2

EDg, (1%
sensitising
dose in HPPT)

Continuous measure of
sensitiser potency
Probability distribution
of a random variable
defined as the dermal
dose required to induce
sensitisation in 1% of a
HPPT-eligible
population.

Decision model:

Call1if P(1)>0.8
Call NCif P(NC)>0.8 (same as P(1) < 0.2)
Call 1A if P(1A | 1) > 0.55 and GHS 1 called

Call 1Bif P(1B | 1) > 0.55 and GHS 1 called

GHS
classification
probabilities

Categorical measure of
sensitiser potency
Probability that
chemical potency
should be categorised as
GHS 1A, 1B or NC.

GHS
classification
decision
model

GHS classification
GHS call if probability
passes thresholds
chosen within the
decision model
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The SARA-ICE model
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The SARA-ICE database

Study type KeratinoSens
Inputs into SARA- Dermal dose, EC; or maximum % depletion of Log Kmax EC, 5 or maximum CD86 EC, 5, CD86 EC5, or
ICE number tested, concentration cysteine and concentration CD50 EC,, or maximum
number tested if no lysine peptides tested maximum concentration tested
sensitised response IC50 or maximum concentration CV,5 or maximum
observed concentration tested concentration tested
tested CV,5 or
maximum
concentration
tested
Number of 871 536 650 361 972 428 164
studies in
database
Number of unique 276 195 251 185 258 211 90
CASRN with this
study type

434 distinct CASRN
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The SARA-ICE model

The SARA-ICE model is a high Parameters of the model are The primary variable of
dimensional probability “learnt” using Bayesian interest includes the ED,,,
distribution built from a set of updating. defined as the HPPT dermal

dose at which there is a 1%
sensitisation rate.

Prior for EDgy

assumptions around
conditional probability
relationships.
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Bayes theorem is applied to

calculate the conditional The ED,, is converted to GHS
probability distribution of classification probabilities for
each parameter given the classification and labelling.

available data.
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Development history of the SARA-ICE model

2017-2019 2019-2021 2021-2022 2021 - present

A brototvpe Bavesian statistical The model and underlying The revised model is publishe Unilever begins working with
P P Y . database are revised and within a set of three papers NICEATM to adapt the model
model was developed at Unilever ) .
. expanded. Unilever which the model and for regulatory use. The SARA
to estimate a no-effect-dose from . . : . .
. performs an internal explore its use in case database is merged with the ICE
HPPT data. This model was . . .
. ) review to endorse for use in study risk assessment database the SARA-ICE model
published in 2019. . . .
risk assessment. scenarios. is developed.

Contents lists available at ScienceDirect

Computational Toxicology Evaluation of the Skin Allergv Risk 7 NICEATM to collaborate with Unilever on

Contents lists available at

journal homepage: www.slsevier.com/locstelcomtox . s L .
Assessment (SARA) model for skin Regulatory Toxicology and Pharmacology =t development of predictive model for skin
e . = cats 0 P
Probabilistic prediction of human skin sensitiser potency for use in next R sensitisation risk assessment e ——— — d Ph y R sensitization
I ot 7 and Phar
generation risk assessment = " NICEATM has entered into an agreement with consumer products company Unilever to
Contents S Di i collaboratively test and further develop their Skin Allergy Risk Assessment (SARA) predictive

Decision making in next generation risk assessment for skin allergy: Using

Joe Reynolds’, Cameron MacKay, Nicola Gilmour, David Miguel-Vilumbrales, Gavin Maxwell
model. SARAs 2 computational model that uses 2 variety of input data to estimate a

1 Overview of the SARA model

Undewer ey and Bl Astrce Cenr, Cobwarth Sece Pk, S, Bford ME#H 11, UK istori ini N ;i
2 Definition of the SARA point of depart 3 historical clinical experience to benchmark risk - *harmacology probability that a chemical will cause an allergic skin reaction in humans. NICEATM willtest
ARTICLE INFO AmsTRACT 3 SARAdatabase J. Reynolds ", N. Gilmour ', M.T. Baltazar, G. Reynolds, S. Windebank, G. Maxwell tion risk assessment for e the SARA model using a variety of chemical data sets, including chemicals of interest to UsS.
4 Modelling the relationships between in vivo and in vitro skin sensitisation hazard data ) - — andinternational regulatory agencies. NICEATM and Unilever will also work together to
© " expand the SARA model to include data generated by NICEATM. The intent is to make the
41 HRIPT dat: ARTICLEINFO ApsTRACT Spriggs, A. Aptula, K. Pragbylak, n SARAmodiel openly available for public use along with other NICEATM predictive models
411 Model structure and 8 :cision making using 2y Availability of the SARA model will help further reduce animal use for the endpoint of skin
412 Valdity of and sensitvity to the A 10 - sensitization, and will improve upon existing efforts by providing points of departure for
42 UNAdata 1 quantitative human risk assessment
DA) is used .T. Baltazar, R. Cubberley,
pubicy vaiaic 421 Conversion of ECss 1o 2 SARA predictor ... S 1
ddi lly for a further 122 Model d " Information about other NICEATM jects to evaluate alternatives to animal use for skin
e merics vl acrom dan s an sensitization is available on the NTP website 2.
based on in vl data oty gener 423 Validity of and sensitivity to the t 1
4.3 Inchemico and in vitro dat: o) Reference: Reynolds et al. Probabilistic prediction of human skin sensitizer potency for use in

t tion risk t. Comput
https://doi.org/10.1016/j.comtox.2018.10.004 &
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Model assumptions

HPPT

1. There is a dermal dose at which there is a 1% chance of inducing sensitisation in a randomly
selected individual from a HPPT-eligible population.

2. The probability of inducing sensitisation in a HPPT increases with dose.

3. Each individual within a HPPT-eligible population has a personal threshold for sensitisation to any
given chemical. This threshold may be greater than the maximum possible dose.

4. The distribution of the base-10 logarithm of personal thresholds has a Gaussian shape. The
standard deviation is chemical-specific; different chemicals have different variabilities within the
human population with respect to sensitivity to induction of sensitisation.

5. The number of individuals sensitised in a HPPT study follows a logit-normal-binomial compound
distribution.
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Model assumptions

Non-HPPT data

1. Datafrom the LLNA, DPRA, kDPRA, KeratinoSens, h-CLAT and U-Sens assays can be transformed to
such that it is reasonable to variability in chemical-specific data in terms of a normal distribution
(transformations mostly involve logarithms).

2. The same transformations put data on a scale in which it is reasonable to assume linear
relationships between the average transformed datapoint on the base-10 logarithm of the ED,;.

3. The relationships between the average results can be described by a multivariate Gaussian
distribution.

4. Variability in each test is chemical-specific. There is a latent variable for each test and each
chemical which defines the variance of the chemical in the particular test.

5. Chemical-specific variance parameters can be estimated using partial pooling. The population of
variances for each tested can be learnt and used to regularise chemical-specific estimates when
limited data is available.
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Computation

The SARA-ICE model is a mathematical model -
it’s assumptions and equations are expressible
with pen and paper.

Learning model parameters requires numerical
computation: the model is realised numerically
using the programming language Stan. Python
is used to process model inputs and outputs.

Computation requires many CPU cycles;
however, a production version of the model
has been developed to alleviate this limitation.

A standalone, downloadable version of the
model is being created by NICEATM.

©® | SARA-ICEstan

178

179+ }

180 -~ model {

181

182 // In vitro regression

183 L_Omega ~ lkj_corr_cholesky(2);

184~ for (i in 1:9) {

185 residual_scale[i] ~ normal(0, 2);

186 « }

187~ for (i in 1:N_chem) {

188 ~ residual_raw[i] ~ normal(0, 1);

189 - }

190

191 // Chemical distribution

192 theta_raw ~ normal (0, 1);

193

194 // HPPT

195 s_raw ~ weibull1(5, 1);

196 s_scale ~ normal(0, 1);

197 logit_prob_scale_raw ~ weibull(5, 1);

198 logit_prob_scale_scale ~ normal (0, 2);

199 logit_prob_raw ~ normal(0, 1);

200

200 JSTSLSTTITT ST TS ST SIS TT LT TS LTI LT LTI TS LTI TS TL LTI E I Td LTI L TS
202

203 // Likelihood of HPPT data given dose response curve parameters
204 ~ i

205 vector[N_HPPT_obs] Togit_prob = g((HPPT_dose - thetalHPPT_idx]l) ./ s[HPPT_idx]
206 + logit_prob_scale_scale * Togit_prob_scale_raw[HPPT_idx] .* Togit_prob_raw;
207 HPPT_k ~ binomial_Togit(HPPT_n, logit_prob);

208 ~

Check on Save I

- g_inv_10g99)
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SARA-ICE Container Output View

o Integrated
Chemical Tool Substances Glossary About
*N* Environment :

Skin Allergy Risk Assessment — SARA

[ Geraniol v]
Substance Run Analysis

Geraniol
Assay Inputs Expected GHS Probabilities  GHS Classifications
kDPRA ] [T.Te+03} uglem2 k{}.13 | k‘l |
Assay Input Expected EDO1 Prob (GHS 1A) GHS gy
Keratino5ens 067 1B
Assay Input Prob (GHS 1B) GHS sug
h-CLAT 0.20 1B
Assay Input Prob (NC) GHS gorpER

Early design for output on SARA-ICE
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GHS classification

The distribution of the ED,, is used to defined GHS classification probabilities:
1. A threshold of 60,000 cm (maximum possible HPPT dose under standard volume and patch size) is used to define

the boundary between binary categories 1 and NC.
2. Athreshold of 500 pg cm is used to define the boundary between subcategories 1A and 1B.

The area under the curve between thresholds is the probability mass attributable to that interval. This defines the
probability for the GHS classification.

0.8 +
0.5
0.4 0.6
-
= =
2 0.3 5
[15] -
E _g 0.4
0.2 1 &
0.2 4
0.1 1
0.0 T 0-0 T
10_1 101 103 105 lo? 1A 1B NC

EDp; (pg cm™—2) GHS subcategory
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GHS classification decision model
Start by computing GHS classification probabilities P(1A), P(1B), P(NC) and P(1) = P(1A) + P(1B)

Conclude non-
sensitiser

P(NC) > 0.8?

Conclude

P(1) > 0.8? Conclude P(1A| 1) > 0.55? subcategory

sensitiser 1A

Binary
classification
inconclusive

Subcategory
classification
inconclusive

P(B | 1) > 0.55?

Conclude
subcategory
1B
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SARA-ICE NAM vs OECD DASS benchmarks

Binary classifications

Human, ©,;, = 0.80 | SARA 1 | SARA NC | Inconclusive | Total

OECD 1 37 4 14 55

OECD NC 0 4 7 11 The SARA-ICE decision model has been
Total 37 3 21 66 evaluated against OECD benchmark
Sensitivity: 90% classifications.

Specificity: 100%

Balanced accuracy: 95% Estimates of the EDO1 use NAM data only
LLNA, ©,i,=0.80 | SARA1 | SARA NC | Inconclusive | Total (1XDPRA, 1xKeratinoSens, 1xh-CLAT,
OECD 1 87 6 47 135 1xkDPRA)

OECD NC 2 19 12 33 . - |
Total 39 25 54 168 Sensitivity, specificity and acccuracy is
Sensitivity: 94% computed for conclusive classifications
Specificity: 90% only.

Balanced accuracy: 92%
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Presentation Notes
Joe- threshold between inconclusive and conclusive can change (threshold)
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SARA-ICE NAM vs OECD DASS benchmarks

Subcategory classifications

Human, 6., = 0.80, ©..,,=0.55 | SARA 1A | SARA 1B | SARA NC | Inconclusive | Total
OECD 1A 14 2 0 5 21
OECD 1B 4 9 4 14 31
OECD NC 0 0 4 7 11
Total 18 11 8 26 63
Sensitivity 1A: 88%, Specificity 1A: 81%, Balanced accuracy 1A: 84%

Sensitivity 1B: 53%, Specificity 1B: 90%, Balanced accuracy 1B: 71%

Sensitivity NC: 100%, Specificity NC: 88%, Balanced accuracy NC: 94%

Average balanced accuracy: 83%

LLNA, 6., =0.80, @.,,=0.55 SARA 1A | SARA 1B | SARA NC | Inconclusive | Total
OECD 1A 28 4 0 6 38
OECD 1B 16 22 5 42 85
OECD NC 0 1 19 13 33
Total 44 27 24 61 156

Sensitivity 1A: 88%, Specificity 1A: 75%, Balanced accuracy 1A: 81%
Sensitivity 1B: 51%, Specificity 1B: 90%, Balanced accuracy 1B: 71%
Sensitivity NC: 95%, Specificity NC:;
Average balanced accuracy: 82%

93%, Balanced accuracy NC: 94%
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Case Studies
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Chemical DPRA kDPRA KeratinoSens™ h-Clat U-Sens™ Local Lymph Node
Assay (LLNA)
MIT Cysteine Log Kmax: -0.25 M" | EC1: 11.78 uM CD54 ECz200; 7.89 ug ml™ CD86 EC150: 9 pg ml”
. o -
depletion: 97.9% | 's ICs0: 139 uM CD86 EC150: 9.23 g ml” CV75: 44.3 ug mi”
Lysme' ) After unit conversion CV75: 24.7 ug ml” Source: Piroird et al., 2015
depletion: 0%
Source: Natsch & EC15: 1.4 ugml” Source: Urbisch et al. 2015
Source: Natsch | Gerberick, 2022 oA HY ' '
etal., 2013 ICs0: 16 ug ml”
Source: Natsch et al., 2013 &
Urbisch et al., 2015 (Imax)
Cysteine EC,5: 9.54 uM CD54 EC,y,: 11.6 pg ml-! EC;:2.2%
depletion: 100% _ ) EC5: 0.4%
e ° ICsy: 108.25 uM CD86 EC,5,: 11.8 pg ml-’ ECz: 0.863%
ysine : 1 EC;: >4.5%
depletion: 0% CV75: 24.6 pg mi 3
Source: After unit conversion Stoglrcz_.oﬂaeinstreuer
Kleinstreuer et EC,5: 1.1 yg mi- Source: Kleinstreuer et al., N
al., 2018 ICay: 12 ug mi- 2018
Source: Kleinstreuer et al.,
2018
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SARA-ICE - MIT example — ED,, PoD estimates

No data > P(1)=0.66, P(1A)=0.33

DPRA A > P(1)=0.99, P(1A)=0.87

KeratinoSens > P(1)=0.98, P(1A)=0.78

h-CLAT - o P(1)=0.98, P(1A)=0.69

DPRA, KeratinoSens - > P(1)=1.00, P(1A)=0.94

DPRA, h-CLAT A " P(1)=1.00, P(1A)=0.91

KeratinoSens, h-CLAT - &> P(1)=1.00, P(1A)=0.80

DPRA, KeratinoSens, h-CLAT > P(1)=1.00, P(1A)=0.04

DPRAX2, KeratinoSensx2, h-CLATx2 - > P(1)=1.00, P(1A)=0.94

LLMNAX4 L P(1)=0.99, P(1A)=0.52

DPRAxZ, kDPRAX1, KeratinoSensx2, h-CLATx2, U-Sensx1 &> P(1)=1.00, P(1A)=0.94

DPRAxZ, KeratinoSensx2, h-CLATx2, LLNAx4 4 > P(1)=1.00, P(1A)=0.89

DPRAxZ, kDPRAX1, KeratinoSensx2, h-CLATx2, U-Sensx1, LLNAx4 & P(1)=1.00, P(1A)=0.80
ml—? 160' 162 164 106 108

EDg: (pg cm~2)

Summaries of ED,, estimates for MIT conditional on different combinations of input data. Distributions are represented as
centred 95% credible intervals (thin lines), centred 50% credible intervals (thick lines) and median (bullet). Predictions are
ordered, from largest (top) to smallest (bottom), with respect to the uncertainty in the estimate.
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ED,, estimates for MIT for different SARA-ICE data inputs

ED,; percentiles (ug cm
Input Data EDoi o1 P (ne ) Prob(1A) Prob(1B) Prob(NC)
(g cm™) 2.5th 25th 50th 75th 97.5th
No data 5,600 0.077 140 5700 >100,000 >100,000 0.33 0.33 0.34
DPRA 4.7 0.0013 0.29 4.9 78 16,000 0.87 0.12 0.011
KeratinoSens 42 0.063 4.8 42 360 28,000 0.78 0.2 0.015
h-CLAT 110 0.33 15 110 820 44,000 0.69 0.29 0.02
DPRA, KeratinoSens 5.1 0.014 0.73 5.2 36 1,900 0.94 0.061 0.0008
DPRA, h-CLAT 12 0.057 1.9 12 77 3,400 0.91 0.087 0.0021
KeratinoSens, h-CLAT 52 0.26 8.3 51 320 11,000 0.8 0.19 0.0049
DPRA, KeratinoSens™
9.8 0.072 1.9 9.9 49 1,300 0.94 0.058 0.0004
h-CLAT
DPRAXZ’h'_(gLr:?:: Sensx2, 15 0.15 32 15 73 1,500 0.94 0.064 0.0003
LLNA x4 440 8.1 110 440 1,800 26,000 0.52 0.47 0.011
DPRAXx2, kDPRAX1,KeratinoSensx2, h-
CLATX2,U-Sensxl 22 0.41 6 22 81 1,200 0.94 0.058 0.0001
DPRAX2, KeratinoSensx2,
h-CLATx2, LLNAXS 76 35 28 75 210 1,600 0.89 0.11 0
DPRAXx2, kDPRA
KeratinoSens™Xx2,
150 9.4 59 150 400 2,600 0.8 0.2 0
h-CLATx2, U-Sens™
LLNAx4
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SARA-ICE - MIT example — Probability that an exposure is less than the ED,,

Exposure (pug cm™)

Input combination

3 10 30 100 300 1000 3000

DPRA 023 | 0.16 | 0.096 | 0.058

KeratinoSens 0.39 0.27 0.16 0.092

h-CLAT 051 | 0.37 0.23 0.14

DPRA, KeratinoSens 0.15 | 0.084 | 0.038 | 0.018

DPRA, h-CLAT 022 | 012 | 0.057 | 0.027

KeratinoSens, h-CLAT 0.4 0.26 0.14 0.067

DPRA, KeratinoSens, h-CLAT 0.17 | 0.082 | 0.032 | 0.012

0.21 | 0.096 | 0.035 | 0.012

DPRAXx2, KeratinoSensx2, h-CLATx2

LLNAx4

DPRAx2, kDPRAX1, KeratinoSensx2,
h-CLATx2, U-Sensx1
DPRAX2, KeratinoSensx2,
h-CLATx2, LLNAx4
DPRAx2, kDPRAx1, KeratinoSensx2,
h-CLATx2, U-Sensx1, LLNAx4

0.77 | 0.57 0.34 0.17

0.22 | 0.091 | 0.029 | 0.0091

043 | 0.19 | 0.047 | 0.0095

061 | 032 | 0.095 | 0.019

Comparison of EDO1 estimates (based on different combinations of inputs) and probability that exposures are the
less than the EDO1. Thresholds of 0.2 ( ) and 0.8 (blue -
280% likelihood that exposure is less than ED,,).
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SARA-ICE - Geraniol example — input data

In vitro input data
* DPRA

* kDPRA

* KeratinoSens™
¢ h-CLAT

e USensi

In vivo input data
s HPPI:
* LLNA

SARA-ICE Bayesian
statistical model

GHS.
classification
decision
model

GHS
classification
probabilities

Local Lymph Node Assay

Chemical DPRA kDPRA KeratinoSens™ h-Clat U-Sens™ (LLNA)
Geraniol | Cysteine depletion: 0% EC,5: 110 uM CD54 EC,: >168 pg ml! CD86 EC, 5, 53.6 ug mi-1
Lysine depletion: 10% ICsp: 875 M CD86 EC,,: 123 pug ml-! CVyyp: 113.9 ug mi-1

Source: Hoffmann et al., 2018

Source: Hoffmann et al., 2018

CV75: 140 uyg ml!
Source: Hoffmann et al., 2018

Source: Hoffmann et al., 2018

Cysteine depletion: 12.3%
Lysine depletion: 2.6%
Source: Reynolds et al., 2022

EC,5 192.5 uM
ICsy: 1275.5 uM
Source: Reynolds et al., 2022

CD54 EC,q,: <76.7 ug ml-’
CD86 EC5p: >191 pg ml!
CV;5: 229 pg ml-!

Source: Reynolds et al., 2022

CD86 EC,5,: 74.4 ug ml
CV74: >200 pg ml-

Source: Reynolds et al., 2022

Cysteine depletion: -3.1%
Lysine depletion: 0.6%
Source: Nukada, Miyazawa,
Kazutoshi, Sakaguchi, &
Nishiyama, 2013

Log Kmax: -3.4 M-1s-"
Source: Natsch &
Gerberick, 2022

EC, 5 209.8 uM

ICgp: 722 M

Source: ICE database (Joint
Research Centre of the
European Union 2014)

EC,
EC,
EC,
EC,
EC,
EC,

1 11.4%
:25.8%
:20.4%
:11.8%
:5.6%
: >50%

Source: Gilmour et al., 2022




In vitro input data
+ DPRA

NIH National Institute of : Eimosensw
. . * h-CLAT SARA-ICE Bayesian
Environmental Health Sciences + Usens™

Division of Translational Toxicology [ e et a2

¢ LLNA

SARA-ICE - Geraniol example — ED,, PoD estimates

No data > P(1)=0.66, P{1A)=0.33

DPRA > P(1)=0.58, P(1A)=0.14

KeratinoSens - > P(1)=0.85, P(1A})=0.31

h-CLAT 4 > Pi1)=0.79, P(1A)=0.22

DPRA, KeratinoSens - % P(1)=0.78, P(LA}=0.17

KeratinoSens, h-CLAT > Pi1)=0.86, P(1A)=0.24

DPRA, h-CLAT - > P(1)=0.74, P{1A)=0.12

DPRA, KeratinoSens, h-CLAT - - Pi1)=0.80, P{1A)=0.14

DPRAx3, KeratinoSensx3, h-CLATX2 - > P(1)=0.86, P{1A)=0.15

LLNAXGE > P(1)=0.90, P{1A)=0.16

DPRAx3, kDPRAX]L, KeratinoSensx3, h-CLATx3, U-Sensx2 - &> P(1)=0.90, P{1A)=0.11

DPRAx3, kDPRAX1, KeratinoSensx3, h-CLATx3, U-Sensx2, LLNAXG > P(1)=0.95, P{1A}=0.03
16”' 162 164 165 163

EDg; (g cm—2)

Summaries of ED,, estimates for geraniol conditional on different combinations of input data. Distributions are represented as
centred 95% credible intervals (thin lines), centred 50% credible intervals (thick lines) and median (bullet). Predictions are ordered,
from largest (top) to smallest (bottom), with respect to the uncertainty in the estimate.
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In vitro input data
* DPRA

* kDPRA

* KeratinoSens™
¢ h-CLAT

¢ USens™

In vivo input data
* HPPT
¢ LLNA

SARA-ICE Bayesian
statistical model

ED,, estimates for Geraniol for different SARA-ICE data inputs

: 2
Input Data EDos EDo, percentiles (g cm™) Prob(1A) | Prob(1B) | Prob(NC)
(ug cm?) 2.5th 25th 50th 75th 97.5th
No data 5,900 0.13 140 5,900 250,000 230,000,000 0.33 0.34 0.34
DPRA 27,000 18 2,300 28,000 320,000 36,000,000 0.14 0.44 0.42
KeratinoSens 2,400 4.2 290 2,600 20,000 1,300,000 0.31 0.54 0.15
h-CLAT 5,000 12 640 5,100 39,000 2,000,000 0.22 0.57 0.21
DPRA, KeratinoSens 7,200 33 1,100 7,400 45,000 1,700,000 0.17 0.62 0.22
KeratinoSens, h-CLAT 3,400 16 540 3,400 21,000 850,000 0.24 0.62 0.14
DPRA, h-CLAT 11,000 63 2,000 11,000 64,000 2,200,000 0.12 0.62 0.26
DPRA, KeratinoSens, | 400 56 1400 | 7,200 40,000 900,000 0.14 0.67 0.2
h-CLAT
DPRAX3, KeratinoSensx3, 5,200 52 1,100 5,100 24,000 480,000 0.15 0.7 0.14
h-CLATx2
LLNAx6 3,700 60 900 3,600 14,000 210,000 0.16 0.74 0.096
DPRAX3, KDPRAXL, 5,200 100 1,500 5,300 19,000 220,000 0.11 0.79 0.1
KeratinoSensx3,
h-CLATx3, U-Sensx2
DPRAX3, kDPRAX1,
AEUIESEEE 7,000 500 3,000 7,000 16,000 89,000 0.025 0.93 0.05

h-CLATx3, U-Sensx2,
LLNAx6




In vitro input data
* DPRA

" = * kDPRA
NIH National Institute of M I pe—
- - . - - ayesian
Environmental Health Sciences .+ Usens™

In vivo input data

Division of Translational Toxicology - HPPT

¢ LLNA

SARA-ICE - Geraniol example — Probability that an exposure is less than the ED,,

Exposure [pg cm:2)

Input combination
3,000 ( 10,000 | 30,000

DPRA 073 061 0.49
KeratinoSens 0.48 0.33 0.21
h-CLAT 057 041 0.28
DPRA, KeratinoSens 0.63 0.45 0.3

KeratinoSens, h-CLAT 0.52 0.35 0.21

DPRA, h-CLAT 069 0.52 036

DPRA, KeratinoSens, h-CLAT 0.64 0.45 0.29

DPRAx3, KeratinoSensx3, h-CLATx2 0.59 0.38 0.22

LLMNANE

DPRAx3, kDPRAx1, KeratinoSensx3,
h-CLATx3, U-Sensx2

DPRAx3, kDPRAXx1, KeratinoSensx3,
h-CLATx3, U-Sensx2, LLNAXG

0.54 051 016

0.62 0.57 0138

075 059 013

Comparison of EDO1 estimates (based on different combinations of inputs) and probability that exposures are the
less than the EDO1. Thresholds of 0.2 ( ) and 0.8 (blue -
280% likelihood that exposure is less than ED,,).
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Conclusions & Next Steps

e SARA DA is being adapted for regulatory use through expanded data and functionality

e SARA ICE DA shows good concordance with sensitizer binary and GHS sub-category classifications
against OECD DASS benchmark data

e Case studies demonstrated benefits of SARA-ICE DA:
— estimates human potency (ED,,) with uncertainty
— estimates with in vitro and in vivo data inputs
— estimates with incomplete and repeat datasets
e Evaluation of the SARA-ICE DA is ongoing within the OECD DASS expert group

e SARA-ICE is being packaged for download for local implementation and will be available on the
NICEATM website (https://ntp.niehs.nih.gov/whatwestudy/niceatm)



https://ntp.niehs.nih.gov/whatwestudy/niceatm
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