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SARA Model - The Timeline

2017-2019 2019-2021 2021-2022

A prototype Bayesian The model and )
statistical model was database SARA was published
developed to estimate a no- were revised and within a set of three
effect-dose from HRIPT data. expanded. o [penenE
The point of gxplorlr)g the model qnd
This model was published in departure its use in case study risk

Reynolds et al., 2019. became the ED,, assessments.

Unilever NGRA framework for Skin Allergy was designed to use a WoE
based upon all available information, accommodate range of consumer
product exposure scenarios and provide a quantitative point of departure
and risk metric

The use-case of the SARA Model is to estimate:

1. Point of Departure: An ED,,, i.e. 1% sensitising dose in a human
population for a chemical of interest based upon chemical specific
(primarily NAM) data

2. Risk Metric: A probability that a consumer exposure to a chemical is ‘low
risk’, conditional on the available data and the model
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SARA Model v2 - Development Overview
2023-2024

The model and
database SARA was published Unilever began to
were revised and within a set of three develop
expanded. __bapers, SARA v2 and conducted
The point of departure g;(plorlr)g e mfd;l O.mlf an evaluation on the
became the ED,. It usz;z:;ﬁ:nl:s.y s updated model.

« Anexpanded database on which to estimate model parameters.

A prototype Bayesian
statistical model was
developed to estimate a no-
effect-dose from HRIPT data.

This model was published in
Reynolds et al., 2019.

* Incorporation of new inputs:
« Insilico/expert inputs in the form of reactivity and sensitiser/non-sensitiser classifications.

« The model now allows human maximization test (HMT) studies, in addition to human repeat insult patch test
(HRIPT) studies.

« Reactivity rate estimates from the kinetic DPRA can now be used as in chemico inputs.

* Revised model outputs:
« The updated model can now provide a probability that a chemicalis a sensitiser conditional on the data used.
« The SARA risk metric takes into the account the probability that a chemicalis a non-sensitiser.

* Increased speed of operation:

« A "SARA-production” version of the model, an approximation of the full model from which potency estimates can be
obtained much faster than previously.
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Database expansion

ICE
Database Data

curation

434
chemicals CRO UL
generated

SARA v2 NAM data

Additional Risk Benchmarks

Expert
Reactivity

81 chemicals 42.8
HRIPT, LLNA, chemicals
el
USENS, hCLAT, USENS, hCLAT,
DPRA, DPRA
benchmark !

benchmark
exposures exposures

+ HMT, kDPRA,
reactivity, S/NS

"reactivity classifications: “Non-reactive”, “Reactive”,
“Non-reactive - autooxidation possible”, “HPC")

# curated sensitiser/non-sensitiser classification
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Mechanistic Classification of Skin Sensitisers

ICE
Database Data

curation

434
chemicals

SARA V2

Additional Risk Benchmarks
428

chemicals
HRIPT, LLNA,
KeratinoSens,
USENS, hCLAT,
DPRA,
benchmark
exposures
+ HMT, kDPRA,
reactivity, S/NS

81 chemicals
HRIPT, LLNA,
KeratinoSens,
USENS, hCLAT,
DPRA,
benchmark
exposures

“reactivity classifications:
“Non-reactive - autooxidation possible”, “HPC")

CRO UL
generated
NAM data

Expert
Reactivity

“Non-reactive”, “Reactive”,

# curated sensitiser/non-sensitiser classification

Can be done by an expert - following the
chemistry rules in Aptula and Roberts, 2006.

Rules from this paper have been
implemented in ToxTree and OECD Toolbox

Principles (structure-based) for identification
of high potency chemicals (HPC) were
published by Roberts et al, 2015 and were
encoded in several in silico tools (e.g. TIMES,
DEREK)
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Determining expert reactivity classifications for SARA v2

In silicotools ToxTree OECD Toolbox

Interpretation . . ) Reqcti

of in silico Reactlve/ non- Reactlve/ non- Reactlve/ non- 72;1'"‘9
predictions reactive reactive reactive reactive

Expert calls Expert reactivity (reactive, non-reactive, non-reactive but autoxidation Expert

possible) HPC
Non-reactive,
P Non-reactive autoxidation Reactive, non-HPC Reactive, HPC
possible

SARA input
HPC - high potency chemical
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Addition of reactivity classifications to inform SARA model priors

Reactivity class = "R, HPC" Reactivity class = "R, non-HPC"
0.7 1 0.7
 Each chemical in the database now has a os S N . . B u 08 frmn . . . i
reactivity classification. ol 8 & § 2 2 2 | 8 & § % 2 3
- Consensus reactivity classifications are based ™ E s g E s
upon outputs of in silicotools and are expert ] ]
curated. °2 ]
0.1 0.1
« Possible classifications are “Reactive, HPC”, oo NI, A .
“Reactive, non-HPC", “Non-reactive, but ey ey T
autooxidation possible” and “Non-reactive”. Reactivity class = "RAUL" Reactivity class = "NR"
. The model learns an adaptive prior distribution | "
for each of the four reactivity classifications. 13 8 ¢+31 %1 ¢ 13 2t 31§ /
0.5 £ & %é = § 0.5 | e & %é > §
- The reactivity prior distributions align well with ~ Z s § |z . i-F
the six potency classes defined by Gerberick et 8 03] g H 8 03 . 7
al., 2001. 0.2 0.2
0.1 0.1
Yo a0 a0l a0 10T 1t 05 a6 107 100 a0 a0 107 107 10t 10s 106 107
HRIPT EDg; (ug cm™2) HRIPT EDg; (pg cm~?)

Unilover
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Cross-validation

Cross-validation exercises were performed conditional on different sets of inputs. A decision
model is proposed to translate the risk metric into classifications of “low risk”, “high risk” or
“inconclusive™:

1. The model outperforms a traditional approach of QRA using dermal sensitisation
thresholds when compared to SARA v2 with reactivity-only inputs

2. Inclusion of in vitro inputs in addition to reactivity boosts performance further
3. Using in vivo inputs only, comparable performance with QRA - but better protectiveness.

4. SARA v2 exhibits far greater discriminatory power of the benchmark risk classifications
than the previous versions of SARA




Propyl paraben Shower gel 1400ppm
Pm?yl paraben Shower gel 4000ppm
Methyldibromo {p; utaronitrile Shower gel 1000ppm
ropyl paraben Shampoo 1400ppm
lodopropynyl butylcarbamate Shower gel 100ppm
Benzyl alcohol Shower gel 10000ppm
lodeprepynyl butylcarbamate Shampoo 100ppm
Propyl paraben Shampoo 4000ppm
Propyl paraben Liquid hand soap 1400ppm
Benzyl alcehol Shower gel 0000ppm
lodoprepynyl butylcarbamate Liquid hand soap 100ppm
Benzyl alcehol Shampeo 10000ppm
Propyl paraben Body lotion 1400ppm
Methyldibremo glutarenitrile Shampoo 1000ppmn
Z-phenuxgethanel Shower gel 10000ppm
Sodium benzoate Shawer gel 23000ppm
3-Chloro-2-methyl-1,2-thiazol- 3-one/2-Methyl-d-iscthiazelin-3-one Shower gel 15ppm
Propyl paraben Liquid hand scap 4000ppm
Propyl paraben Body lotion 4000ppm
Benzzyl alcohol Liguid hand soap 10000ppm
-phenoxyathancl Shampoo 10000ppm
Methyldibremo glutarenitrile Liquid hand soap 1000ppm
Benzyl alcohol Body lotion 10000ppm
Propyl paraben Face cream 1400ppm
Sodium benzoate Body lotion S000ppm
Methyldibromo glutarenitrile Body lotion 1000ppm
Sodium benzoate Shampoo 25000ppm
Benzyl alcohol Shampeo 50000ppm
Benzyl alcohol Body lotion 14000ppm
ladopropynyl butylcarbamate Face cream 100ppm
-phenaoxyethanol Liquid hand soap 10000ppm|
Z-phenux{ethanol Body lotion 10000pp!
Propyl paraben Face cream 4000)
Methylisothiazelinone (act 19.7%) Shower gel 100pp
odium benzoate Liquid hand soap 25000pp
i2-Methyl-d-isothi ane Shampoo 15pp
odium benzoate Face cream 3000pp
Benzyl alcohol Liguid hand seap 50000pp
Benzyl alochol Face cream 10000pp:
Methyl-4-isothiazolin-3-one Body lotion Bpp
Benzyl alcohol Face cream 14000
Benz?(l alcohal Deo 2000p)
Propyl paraben Deo 1400p
2-phenaxyethanaol Face cream 10000p)
3-Chloro-2-methyl-1,2-thiazol-3-one/2- Meth;‘I-d-ilehiamlin-3-une Liquid hand soaf} 15p)
Methyldibromo glutarenitrile Face cream 1000ppm

lodepropynyl butylcarbamate Dao ]‘E P
Propyl paraben Deo Auu.ﬁpm%‘
m
om
Ex

o

5-Chloro-2-methyl-1,2-thiazol

5-Chloro-2-methyl-1,2-thiazol J

Sodium banzoate Dea 500
Mel:hy-i othi; (act 19.7%) Sh
5-Chloro-2-methyl-1,2-thiazol 12-Methyl-d-i iazolin-3-one Body lation
Benz?(l alcohol Deo 10p00ppm
3-Chloro-2-methyl-1,2-thiazol-3-one/2-Methyl-4-isothiazolin-3-one Face crgam Bppm

2-phenoxyethansl Dac L0000ppm @y

Methylizothiazolinone (act 19.7%) Liguid har|d soap 100

Methylisothiazelinone (act 19.7%) Bhdy loti

ion L0Dppm
Methyldibromo glutgrenitrile Deo 1000ppm
in-3-one Face cream 30ppm
3-Chloro-2-methyl-1, 2-thiazol-3-one/2-Methyl-d-isothiazolin-3-one Dea 8ppm
Methylisothiagelinone (act 19.7%) Face cream 100ppm
5-EhIom-Z-me{hyl-].Z-thiaml-}one.’?-Me{hyid-isnﬂ’liaml|n—3-c|»i]eu 30ppm

5-Chloro-2-methyl-1,2-thiazol-3-onef2-Methyl-d-isothiazolin

Rank

HICC Deo 15000ppm
Methylisothiazelinonel{act 19 7%} Deo 100ppm

0.0

Input combination

Low-risk classification rate

| Propyl gallate ck S00ppm
- - 1 Prnp_ry! gallate Lipstick 1000ppm
0.2 0.4 0.6 0.8 1.0

Probability exposure is high risk

rate

High-risk classification

SARA risk metric | Reactivity classification only

SEAC | Unilever

SARA performance against benchmark exposure classifications - reactivity
information only
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Conclusions

SARA now incorporates additional input information, including reactivity classifications.

» Improved decision making for consumer goods; allowing consistent integration of information across
a range of data inputs (in silico, in chemico, in vitro, in vivo) with quantified uncertainty.

* The reactivity prior distributions align well with the six potency classes defined by Gerberick et al., 2001.

« Performance using reactivity classifications only, against benchmark exposure classifications, shows a
higher average high/low risk classification rate with fewer incorrect classifications made, versus a QRA
approach using dermal sensitisation thresholds.

« Publication to share updates to the model to follow.
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Database

SARA-ICE Model Development Gotoset underpinning the

model using data in the ICE

GHS classification thresholds: 2:‘?:.!07’;:‘:3&0'3 databa se (relaXing the
. . Threshold 14/18: 500 g crn’ G PN Came sl <02 constraint that chemicals be
« Development of the SARA-ICE DA in collaboration limited to cosmetic
. . HPPT, ; i
with NICEATM to create a version of the model | ngredients).
. o . . Bayesian statistical i e classification
which meets the needs of wider industry for risk m ol (SATACE) = s

assessment and regulatory applications e

SARA-ICE model:

N Continuous measure of ‘Categorical measure of GHS classification
Network of probability sensitiser potency sensitiser potency GH callif probability
distributions bo describa Probal b‘m distributio Probability that passes thresholds
associations between all of a random iahle chemical potency chosen within the
SARA-ICE database: data types defi ned as the dermal should be categorised as decision model

443 chem cals dose required to induce GHS 1A, 1B or NC.

" Integrated
| H Chemical
@ Environment
1,407 in vivo studie sitisation in 1% of

« Key differentiating features include; g Risk benchmarking
Drop the risk benchmarking

o anexpandeddatabase (SARAv1 and ICEdata) component of the model — the

current set of benchmarks are

O removal Of riSk benChmarks limited to use of consumer goods.
o go - . - Use the model for human potency
o GHS Classification (binary / potency subcategories)

estimation for quantitative risk
assessment.

« Significant progress made in feasibility study for f;;
OECD DASS TG 497 :j
QQ

« EPArisk assessment community are early adopters
of the approach for fragrance chemical risk e GHS classification

Skin Allergy Risk Assessment — SARA Add functionality to predict GHS

ClSSGSSl ] lent classification (estimated as a
class probability) to

o Substance communicate uncertainty in
- Development of an open access user interface classification.

Geraniol

which is currentlyin beta testing and willbe Assay Inputs Expected GHS Probabilities ~ GHS Classifications

] i os

. [DPRA } [779+03J . [013 ] [1 } e

ava’lable saon’ Assay Input Expected EDO1 Prob (GHS 1A) GHS g 5 §
0z |

' ey | & :

Assay Input Prob (GHS 1B) GHS sug e e et e s bemesory

Frobabiity

£00: (g cm-1 i
h-CLAT 0.20 B J Figure (a) Example estimate of EDy, distribution

Assay Input Prob (NC) GHS gorpER with overlay of GHS subcategories 1A, 1B and NC
defined thresholds, (b) probability of each GHS
subcategory from EDg, distribution
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Gilmour et al 2022 case study scenarios re-visited

Exposure [ ]

Expected
outcome

SARA

(Reynolds et
al., 2022;
Gilmouretal,,
2022)

SARA

(updated)

@em prediction: non-reactiQ
NAM Data: not available
SARA prediction: not possible,

apply QRA
NESIL/SAF = AEL = 900/300= 30

AEL:CEL=3/0.77=3.9

| |

ﬂhem prediction: non-reactiv}

NAM Data: negative
SARA prediction: NAM data

Chemical ED,, 2.5t ED,, 50th ED,, 97.5t
(ugcm?) (Hgcm?) (ugem?)
Lactic Acid 7,100 310,000 25,000,000

P exposure (low risk) 0.9

\Risk outcome low risk /
Glem prediction: non—reactib

NAM Data: not available
SARA prediction: reactivity info

Chemical ED,, 2.5t ED,, 50th ED,, 97.5%
(ugem2) (ugem?) (g cm?)
Lactic Acid 31,000 590,000 21,000,000

P exposure (low risk) = 0.97

Qisk outcome low risk /

\Risk outcome low risk /
61em prediction: non—reac@

NAM Data: negative
SARA prediction: reactivity info
/ NAM

Chemical EDy, 2.5t ED,, 50t ED,, 97.5t

(ugem2) (ugcm?) (ugem?)
Lactic Acid 31,000 590,000 21,000,000
P(NS) =0.91

P exposure (low risk) ~1

[ )

Low risk
@em prediction: reactive (a@

NAM data: mixed
SARA prediction: NAM data

Chemical EDy, 2.5 ED,, 50t ED,, 97.5th
(ng em?) (g em?) (g em?)
Geraniol 180 4500 96,000

P exposure (low risk) 0.95

st outcome lowrisk /

\Risk outcome lowrisk /

Chem prediction: reactive (au}
NAM data: mixed
SARA prediction: reactivity

info/NAM data
Chemical ED,, 2.5t ED,, 50th ED,, 97.5th
(pgem?) (ng cm?) (ngem?)
Ceraniol 390 7,800 160,000
P(S)=0.93

P exposure (low risk) = 0.994

Chem prediction: reactive
NAM data: positive
SARA prediction: NAM data

Chemical EDO1 2.5t ED0150%"  EDO197.5%
(pg cm?) (pg em?) (pg cm?)
Formaldehyde 25 550 12,000

P exposure (low risk) 0.33
Risk outcome
Chem prediction: reactive

NAM data: positive
SARA prediction: reactivity

\Risk outcome lowrisk /

info/NAM data
Chemical EDy, 2.5t  ED,, 50t ED,, 97.5%
(ug em) (Hgem?) (ug em?)
Formaldehyde 0.76 18 540
P(S) ~1.

P exposure (low risk) = 0.008.

Risk outcome



Expert sensitiser/non-sensitiser classifications

Step 1: Automated
rules using data within
SARA database

Reactivity (" /1)
LLNA (EC3 / max dose
tested)

HPPT (NOEL / LOEL)

- Sensitiser

Non-sensitiser

Step 2: Expert review
of database and
literature data

Reactivity (/%)
LLNA (EC3/max dose
tested)

HPPT (NOEL / LOEL)
GMPT
Clinical evidence

- Sensitiser

Non-sensitiser

SEAC | Unilever

Sensitiser
268/428 (63%)

Non-sensitiser
- 67 /428 (16%)

m) Unclassified
93 /428 (22%)
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Benchmark consumer exposure risk classifications expanded and
increased in granularity

SARA v1 > SARA v2

Binary Confidence based

High Risk High Risk (High Confidence) S ARA v uses these data ae

Low Risk High Risk (Low Confidence) categorical and t;fff{j-z N
Low Risk (High Confidence) c'~ InverseGamma(11).

Low Risk (Low Confidence)

« Theserisk classifications better reflect differences in the confidence level at which classifications can be
assigned based upon the published clinical evidence.

 Benchmark exposure dataset has been expanded marginally with additional classifications:
Methylisothiazolinone (MIT), Shampoo, 100ppm (low risk, low confidence)
Methylisothiazolinone (MIT), Shower Gel, 100ppm (low risk, low confidence)
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xperience to benchmark risk

Conte warelie o I
A egulatory 1 and Pharmacology = —
PR E
isi in next generation risk assessment for skin allergy: Using 5
historical e
isk assessment for
1. Rey 1
la, K. Preybylak

2017-2019 2019-2021 2021-2022 2023 -2024

A prototype Bayesian statistical
model was developed to estimate The model and database
a no-effect-dose from HRIPT data. were revised and expanded.

The point of departure
This model was published in became the EDO1.
Reynolds et al., 2019.

SARA was published

within a set of three papers,
which explored the model and
its use in case study risk assessment
scenarios.

Unilever began to develop
SARA 2.0, starting from
the SARA-ICE database

and evaluated the model.

[——— N
) Computational Toxicology
£ 80

2021 - present

Unilever began working with NICEATM to adapt SARA
for regulatory use. The SARA database is merged with the ICE
database and the SARA-ICE model is developed.
Evaluation of the SARA-ICE DA is ongoing within the
OECD DASS expert group.
SARA-ICE is packaged for download for local implementation.
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