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Learning objectives

* Give an overview of next generation risk assessment.

* Awareness of different computational approaches that are used (e.g.,

Bayesian inference, dose response models etc), illustrated with
examples taken from case studies.

* Understand how to get started using computational approaches to
analyse data (including open access tools and other resources).
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About me

Degree in Mathematics from the University of
Edinburgh

PhD in Applied Mathematics from the University of
Nottingham

Postdocs in Germany at the University of Freiburg
and the University of Heidelberg

Joined Unilever in 2014, hired as a mathematical
modeller

Science leader in Computational Toxicology




Web Resource

Unilever’s Safety and Environmental Assurance Centre’s Website
for what we are discussing today:

www.TT21C.org



http://www.tt21c.org/

Ensuring Safe Ingredients for Foods, Drinks,
Homecare and Cosmetic Products

Risk Based Approach:

Considers both the hazard and the
exposure to evaluate the risk

Can we safely use % of ingredient in
product?

For consumers; workers;
the environment
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- Next Generation Risk Assessment (NGRA)

3% = A Strategic Roadmap for Establishing
= New Approaches to Evaluate the Safety
of Chemicals and Medical Products
in the United States

NGRA is defined as an exposure-led,
hypothesis-drivenrisk assessment Nt S Nt Ao
approach that integrates New Approach '
Methodologies (NAMs)to assure safety
without the use of animal testing
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USING
21ST CENTURY
SCIENCE

TOXICITY TESTING IN THE 21ST TO IMPROVE
CENTURY: A VISION AND STRATEGY RISK-RELATED

EVALUATIONS

- Safety without
i EEEReERNE animal testing



$

-In VitroBioactivity vs Bioavailabilty

®§\08'AN3

g A
/O °

Y agenct

Distributions of Oral Equivalent Values and Predicted Chronic Exposures

R
gh PROTQ’O

S

1e+04

B Estimated Exposure o

1e+02

1e+00

log (mg/kg/day)

1e-02

Hepatic clearance
e L

o
} H Safety margin
B o

and plasma protein

binding

1
1
s T
1
L
1
determinations
1
L
[

1e-04

“Protection not Prediction”

= §=’4 Slide from Dr Rusty Thomas,
Bie EPA, with thanks
Unilloser Rotroff, et al. Tox.Sci 2010



- Integration of exposure and bioactivity for decision-making -
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Example from the Accelerating the Pace of Chemical Risk Assessment

(APCRA) initiative

ASTAR HIPPTox
EC10 (uM)

ToxCast AC50
(vM)

TOXICOLOGICAL SCIENCES, 173(1), 2020, 202-225
SOT Sk i
0X1C010; Advance Access Publication Date: September 18, 2019
8y Spotl ight

h 1
el academic.oup.com/toxsci Research Artcle

[ Apply high-

Utility of In Vitro Bioactivity as a Lower Bound Estimate t“‘.’ °‘L‘.h"‘f'
oxicokinetics

of In Vivo Adverse Effect Levels and in Risk-Based (httk) to get

mg/kg-bw/day

ratio
Exposure

g5th

Prioritization

Katie Paul Friedman ® ,"* Matthew Gagne,' Lit-Hsin Loo," Panagiotis
Karamertzanis,® Tatiana Netzeva,® Tomasz Sobanski,® Jill A. Franzosa,’ Ann

M. Richard,* Ryan R. Lougee,”!' Andrea Gissi,’ Jia-Ying Joey Lee,* Michelle
Angrish, Jean Lou Dorne,!! Stiven Foster,” Kathleen Raffaele,” Tina
Bahadori,| Maureen R. Gwinn,* Jason Lambert,* Maurice Whelan,* Mike
Rasenberg,’ Tara Barton-Maclaren,! and Russell S. Thomas & *

« Of the 448 substances, 89% had a PODy,y s that was less than the
traditional POD (PODy, gitiona? Value.

« Bioactivity:exposure ratios (BERs), useful for identification of substances with
potential priority, demonstrated that high-throughput exposure predictions
were greater than the PODNAM, 95 for 11 substances.

https://www.canada.ca/en/environment-climate-change/services/evaluating-existing-substances/science-approach-document-bioactivity-exposure-ratio-application-priority-

Chemical

setting-risk-assessment.html

2
4 7 6 5 4 3 2 1 0 1
log10 mg/kg-bw/day

* ExpoCast ® POD-NAM 4 max AED



https://www.canada.ca/en/environment-climate-change/services/evaluating-existing-substances/science-approach-document-bioactivity-exposure-ratio-application-priority-setting-risk-assessment.html

Integration of exposure and bioactivity for decision-making - The
assessment is designed to prevent harm

Hazard
identification and
characterisation
of |ngred|ents Po?:r?:::?:;rtnure Cellular strecs Rfece.ptor .
f concentration- assays Transcriptomics binding Others RlSk Assessment

response data
Calculation of Bioactivity

. Exposure Ratio (BER)

Exposure models Exposure estimation: . .
Consumer (PBK, free/total " plasma Cyv , The BER/MOE is defined as
the ratio of the PoD and the

EXPOSU re concentration)
characterisation\/ ==l relevant exposure estimate

Y : 9
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Bioactivity Exposure Ratio

Point of Departure
@ ) |
Bioactivit Exposure models NAM* Point of departure
e)'(oc;cs::; y (PBK, free/total derived from in vitro
rario concentration) concentration-response
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case studies

(e.g. caffeine and parabens)

Regulatory Tomieology and Phasmacodogy 123 (2021) 104931

Comtents lists available at ScienceDirect

Regularory Toxicology and Pharmacology

joumal homepage www.al sivier comfdocamfrriph

New framework for a non-animal approach adequately assures the safety of

cosmetic ingredients — A case study on caffeine

Dagmar Bury”, Camilla Alexander-White ", Harvey J. Clewell [11 °, Mark Cromin ®,

Bertrand Desprez”, Ann Detrover ', Alina Efremenko?, James Firman °, Ede Hack ®, Nicola

@// OECD

Organization for Economic Co-operation and Development
ENVIIMMONO{2020)16

English - Or. English

14 September 2020

Unclassified

ENVIRONMENT DIRECTORATE
JOINT MEETING OF THE CHEMICALS COMMITTEE AND THE WORKING
PARTY ON CHEMICALS, PESTICIDES AND BIOTECHNOLOGY

Cancels & replaces the same document of 23 September 2020

Case Study on use of an Integrated Approach to Testing and Assessment (IATA)
and New Approach Methods to Inform a Theoretical Read-Across for Dermal
Exposure to Propylparaben from Cosmetics

Series on Testing and Assessment
No. 320

e "y !ﬂ
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Integration of exposure and bioactivity for decision-making -
Case studies

study

NAMs to support hypothetical read-across NGRA NAMs applied in an ab initiohypothetica/NGRA case

TOXICOLOGICAL SCIENCES, 178(1), 2020, 236-252

ot 10:1093 scari A faa0 48
Advance Access Publlication. Date: April 10, 2020
Besarch artide

SOT Sgeef,

aslel  academic.oup.com/toxsci

A Next-Generation Risk Assessment Case Study for
Coumarin in Cosmetic Products

Maria T. Baltazar,' Sophie Cable, Paul L. Carmichael, Richard Cubberley,
Tom Cull, Mona Delagrange, Matthew P. Dent, Sarah Hatherel],

Jade Houghton, Predrag Kukic, Hequn Li, Mi-Young Lee, Sophie Malcomber,
Alistair M. Middleton, Thomas E. Moxon @, Alexis V. Nathanail,

Beate Nicol, Ruth Pendlington, Georgia Reynolds, Joe Reynolds,

Andrew White, and Carl Westmoreland

Unilever Safety and Environmental Assurance Centre, Colworth Science Park, Sharnbrook, Bedfordshire Mi44
1LQ, UK

g wham mmespan den o= should be addressed. Fax: 4-4f0) 1234 264 244, E-mail maria bekazar@unilever mm.

NAMs applied in real-life chemical safety

assessments

APPLIED IN VITRO TOXICOLOGY
Volume 7, Number 2, 2021

07 on s i aos R
P Q
Use of the MucilAir Airway Assay, a New Approach %?M N
Methodology, for Evaluating the Safety and Inhalation LT

Marie McGee Hargrove,” Bob Parr-Dobrzanski? Lei Li® Samuel Constant,
Joanne Wallace ® Paul Hinderliter,"* Douglas C. Wolf,' and Alex Charlton?

Risk of Agrochemicals

https://www.regulations.gov

/document/EPA-HQ-OPP-

2011-0840-0080 11



https://www.regulations.gov/document/EPA-HQ-OPP-2011-0840-0080

Example how to integrate NAMs for a NGRA: coumarin
case study

0.1% COUMARIN IN FACE CREAM AND BODY LOTION y~
(NEW FRAGRANCE)

PlasmaC,,,
- e s s e e o ~ (
d S i PODr'n vitro
/ Local and systemic  \ f lnastl;f;'lﬁ:jent v
! exposure estimates \ In Vitro igh .
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*or Bioactivity exposure ratio (BER)

Baltazar et al., (2020) Tox Sci Volume 176, Issue 1, 236-252



Exposure and PoD are plotted and used to derive a
Bioactivity-Exposure Ratio (MoE/BER)

PubChe ToxCast Cell Stress Panel HTTr
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« The 5th percentile of the BER distribution ranged between 158 and 96738




Can we develop a general toolbox for estimating BERs?

PBK models Free concentration Conc. Resp. models

¥ Log S vs Log P for neutral chemicals in dataset
3
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AN negative at 10 uM, including COX-1and COX-2.
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HTTr: High-throughput transcriptomics

CSP: Cell Stress Panel

Inform safety decision

IPP: In vitro pharmacological profiling



Next Generation Risk Assessment is highly interdisciplinary
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Back to the toolbox
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PBK models Free concentration Conc. Resp. models HTTr CSP
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HTTr: High-throughput transcriptomics  CSP: Cell Stress Panel  IPP: In vitro pharmacological profiling




Computational models and theirimpact on everyday life

Air transport Weather forecast
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Different types of computational approaches used in NGRA

Physiologically-based
kinetic (PBK) modelling
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Statistical
models of
uncertainty
and
variability

Dose response modelling

Sulforaphane IL-8 (24 hours)
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The cell stress panel

Intended to cover off non-specific modes of action that lead to cell stress or mitochondrial toxicity

Chemical/

ER stress
[ x XBEES® ‘Celld eath

Oxidative stress
- DNA damage
"""""""""" ¥ ATFA Cell death

Cell cycle al g"—>
DNA repai
= Inflammatiof Apoptosis
@ Apoptosis
©
5 - B a
................................................... MTFL
S _al WY e P o Wl T M REJ
()
PN e TGOS Melallolhianei
Metal bol ism -metal’ homeostasis
................................................ Apoptosi -gene regulation

-antioxidant defence

@/w, ........ ﬁ /.

ﬁ; ‘

Mito:hondrialbiogenes/ ety 38 HARH,

Antioxidant defence f NFATJ
Osmotic st

% smotic stress
. Osmotic stress response
Plasma membrane

Image kindly provided by Paul Walker (Cyprotex)

Increased metabolism

36 biomarkersidentified that were representative

of key stress pathways, mitochondrial toxicity and
cell health.
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TOXICOLOGICAL SCIENCES, 2020, 1-23

doi: 10,1093 /toxsci/kfaads4
Advanece Access Publication Date: May &, 2020
Research article

SOT ‘ %Sico o‘gy

academic.oup.com/toxsci

OXFORD

Identifying and Characterizing Stress Pathways of
Concern for Consumer Safety in Next-Generation Risk
Assessment

Sarah Hatherell,* Maria T. Baltazar,” Joe Reynolds,” Paul L. Carmichael,”
Matthew Dent,” Hequn Li,* Stephanie RydEI,T Andrew White,*
Paul Walker @, and Alistair M. Middleton**

*Unilever Safetv and Environmental Assurance Centre. Colworth Science Park. Sharnbrook. Bedfordshire

Cell stress biomarkers predominantly measured
using high content imaging. Includes Extracellular
Flux assay to measure mitochondrial function.



Phenoxyethanol
Niacinamide -
Coumarin
Caffeine A
Diclofenac -

DEM -

tBHQ A

Triclosan -
Troglitazone -
Pioglitazone hydrochloride
Sulforaphane A

Rosiglitazone -

No Cmax available

— Max. conc. tested
= CMmax estimate

Min. cytotoxicity
~ biomarker

® 1 hour PoDs

CDDO-Me - . l o« o _1 con
9. o MRt . ® 6 hour PoDs
Doxorubicin - oo | o eom .’.1 l ® 24 hour PoDs
L ] (X1 N
10~4 1072 10° 102 104

Hatherell et al., 2020, Identifying and characterizing stress pathways of concern for consumer safety in next generation risk assessment, Tox. Sci.

https://doi.org/10.1093/toxsci/kfaa054

Concentration (uM)



https://doi.org/10.1093/toxsci/kfaa054

Dose response analysis and estimating PODs

Doxorubicin ATF4 (24 hours)
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0.0001 0.001 0.01 0.1
Concentration (uM)
S
@ Hatherell et al., 2020, Identifying and characterizing stress pathways of concern for consumer safety in next generation risk assessment, Tox. Sci.

Unilener https://doi.org/10.1093/toxsci/kfaa054



https://doi.org/10.1093/toxsci/kfaa054

Fold-change from control

e o
(S)

Unilever https://doi.org/10.1093/toxsci/kfaa054

Dose response analysis and estimating PODs

Clear effect Is there an effect here? No effect
Doxorubicin ATF4 (24 hours) Sulforaphane DNA struct (24 hours) Caffeine ROS (24 hours)
r T
s
Q e b s s ——
] o x
| x_______ e
-= @ -__3‘5 & —
1 B Lo{
— N R — |
==5| 5  Fe-————- PP 7 S VU S S S —
| é “'; """"""""""""""""" Hom =
' 1. F:CDS:0.79 -c==-z-z-z--o-ooooooooo- - L CDS: 0.00 %
(X I S B S O
0.0001 0.001 0.01 0.1 0.01 0.1 1 10 0.01 0.1 1 10 100 1000
Concentration (uM) Concentration (LIM) Concentration (LUM)

* Broadly, there are two approaches to doing this — parametric and non-
parametric
 We will focus on the parametric approach

Hatherell et al., 2020, Identifying and characterizing stress pathways of concern for consumer safety in next generation risk assessment, Tox. Sci.



https://doi.org/10.1093/toxsci/kfaa054

Principles of model development and the wet-dry cycle

* What question do you want to answer?
 What information do you have available?

Problem

How does the model formulation
perform?
Does it describe the data

well?
Define model assumptions
o I Develop Develop and implement the model

Generate/curate relevant
data
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Developing a dose response model

Example dose response data Hill function
16 - - - . = B T e L R T e R L A e
1.4+
1.2 X ¥
)
3)’ 1t ¥ 2
s . O
< o
O o8¢ 1 .
3 . * 3
o o6f ] o
0.4 #*
B
02 *
i * b * 0 |
0 et - - - 102 10° 10°
107 10 107! 10° 10" 10° 10° .
Concentration (uM) Concentration (uM)

Problem: We want to know:
o Does the chemical have an effect on our biomarker
o At what concentration does this occur?
o We want to quantify the uncertainty in these.

* Assumption: There is an increase in our biomarker, which can be captured

using a Hill function.



Back to the dose response example

Example dose response data ___Hillfunction
14
12} * |
()]
3 1k ¥ 2
c . o
o o
O o8 ] 0
: ‘ : z
o osl 1 -
04} *
: 3
02t ¥
i * * * ° I
0 a I.z : I_1 In I1 Iz 3 10-2 100 102
10 10 10 10 10 10 10 Concentration (HM)
Develop

* Main building blocks of the model:
o Measured data = Mean Response + Observational Noise

O y N f(xIC, 0, Vinax) + 7
s o * y and x are the observations and concentrations respectively.
L2 * Assume 7 is normally distributed with standard deviation o
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Using Bayesian models to quantify uncertainty

Example dose response data Hill function
14+
12} » . ¥
g 1k : * 2
c " o)
S ool _ 3
w0 * )
&J 06 j* o
0.4 r *
*
02f ¥
Poo.or 0 | ' '
’ -3 I-z : I-l JD I1 Iz 3 10-2 100 102
10 10 10 10 10 10 10 ancentrat|0n ('L[M)
Develop
* Hill equation:
X
f(xIC, 0, Vinax) = Vinax x+ 0 +C

e (full Hill equation has exponent on x and 6 to obtain sharper curves)



Bayesian statistics - what and why

Bayesian probability:

* Probability reflects the plausibility or belief in some event being true.

* Provides framework for updating plausibility based on available data.

* For example, can talk about the probability of a hypothesis being true,
or a parameter taking on a certain value.

* Key terms: credible interval, priors, posterior

Frequentist probability
 What people are normally taught in school
* Basis for p-values and hypothesis testing : i
* Probability reflects the relative frequency at which an event occurs in Thomas Bayes, 1701-1761
many over many repeated trials.
* Only really relevant when dealing with well-defined random
experiments
 Can’t use it to talk about the probability of a ‘parameter taking a certain
value’ or a ‘hypothesis being true’.
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Bayesian statistics - what and why

Bayesian interpretation of probability
* Probability quantifies the plausibility of some event.

* Bayes’ theorem: E)‘X - /
[ — P(X1D) =~

P(D)
e Here, D is the data and X is random variable
 E.g., X-V__ parameter, D — experimental observations
* The key things are the likelihood, the prior and the posterior:
o Posterior: probability that V__, takes a certain value
o Likelihood: probability of the data, given V__,
o Prior: probability reflecting initial assumptions V__,
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Example of a prior

Develop
* Have parameters 0, C,V,,,,, and o —need to be learned from the data

Prior for 0 (threshold value)

0.14
0.12
0.1
0.08 |
0.06 |

0.04 |

Probability density

0.02 |

0 2 4 6 8 10 12 14 16 18 20

0 value

Data
* Typically you only have the measured values that you are fitting to, but you

could incorporate prior knowledge (e.g. biologically plausible values) into the
prior.



Learning parameters from the data

* One things that’s important to know about Bayesian statistics is that
for most problemes, it is impossible to get an exact solution to the

posterior.

e Resort to using methods like Markov Chain Monte Carlo (MCMC) to

take random samples from the distribution.

Random samples of 8 (from posterior)

25

20+

o v -

° 0 ‘1OID-D ZIJI-DO 30:00 4CII0IJ 50IIJ-D BOIU-D ?D-IDO 8000
Sample number

0.08 —

0.07 |

0.06

0.05}

0.04 |

0.03

0.02

0.01

Histogram of 6

2 4 5] ] 0 12 14 16 18 20



Learning parameters from the data: prior vs posterior

\Y C 0

max

014

Prior

0.04

0.02 -

0.08 —

Posterior

0.04

0.03 -

0.02

0.011

0 2 4 6 8 10 12 14 16 18 20

Red horizontal line indicates the ‘true’ value
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Evaluating the dose response model

16

1.5

*
.*.
14F . b %* -
Median value *
*
1.2 \* . 11 *
* =
11 * ks i
08
* * -
06 f 05 f - -
0al /
. . . *
D.zi- 95% credibility * * o
|:| -
0 range of response * .
02F
0.4 ! -0.5
10 107 107" 10° 10" 10° 10° 10 1072 107" 10° 10" 10°

Bayesian models can be evaluated by comparing the predictive distributions to the training
data

When using parametric models is to fit data to multiple models and decide which one is
best

Sometimes you can miss effects, not because there is no effect, but because the model
does a poor job of describing the data



Back to the cell stress panel

A Doxorubicin ATF4 (24 hours) B C

Troglitazone MMP (24 hours) Sulforaphane IL-8 (24 hours)

Fold-change from control

] CDS: 1.00 0.5{ CDS: 1.00 x
0.0001 0.001 0.01 0.1 0.1 1 10 100 0.01 0.1 1 10
Concentration (UM) Concentration (uM) Concentration (UM)
D . E F
Caffeine ROS (24 hours) Sulforaphane DNA struct (24 hours) Triclosan OCR (6 hours)

= 5 2.0
< £ 1.0 Gm EEEEEEEEE
E [ S 12 g 051
| S — g --mmmmmmmmmmnae X-- g 0259
o) | __ _— EooRa s S Non m s Sl sl S s s S X eSS o 3
5101 I | [T g 01
2 ::::::::;::::;:::;ZI::'.*:::E‘::::':::::I: 1.0gz2z2252222222:2¢ S 0.0625 2
!? ---;--------I--IIII-------------3-------- !é 0-03125,
2 0.9. CDS: 0.00 % 0.9 F:CDS:0.79 z=====-zzooooooooooooos L 0.0156251 CDsS: 1.00

001 01 1 10 100 1000 001 01 1 10 0.1 Concem}aﬁon (“M)m

Concentration (UM) Concentration (UM)

W

19‘-’0
Unilover https://doi.org/10.1093/toxsci/kfaa054

Hatherell et al., 2020, Identifying and characterizing stress pathways of concern for consumer safety in next generation risk assessment, Tox. Sci.
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Challenges in the acceptance of using computational
approaches in NGRA
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Back to the toolbox

~

/PBK models onc. Resp. models

Free concentration

® fomaieipde

. -a ity e

-

HTTr

Metabolism
I .
Biological oxidations

Xenobiotics
Cytochrome P450

arranged \

[——

CcSpP IPP

10

Concentration (M) /

/S

Bioactivity exposure ratio

*® .
@ £
@ g
- e
10 100 10® 10%
Concentration (uM) )
=
o

il

* Highest inhibition [22%] was for MAQ-A

¥ OBE 3E B EMEEE B

BRERE}

+ Allbinding and enzymatic assay results were
negative at 10 M, including COX-1and COX-2
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HTTr: High-throughput transcriptomics  CSP: Cell Stress Panel

Inform safety decision

IPP: In vitro pharmacological profiling



An evaluation strategy for the toolbox

Chemical exposures
scenarios 4

i
|
° |
|
|
’ ‘Low’ risk (from o o |
o) |
consumgr goods £ PY i
perspective) — e.g. foods, o o i
cosmetics % ! o
o | o
‘High’ risk (from i ® [ )
‘ consumer goods i ® ®
perspective) — e.g. drugs i
' >
0.01 1 100 1000

Bioactivity exposure ratio

Oral administration Doxorubicin Mitochondrial mass
6 hours

(ng/mL)
s

Calculate the bioactivity
exposure ratio

Define typical use-case
scenarios benchmark >
chemical-exposures; T

Mixture of High and low PBK models of systemic In-vitro cell assays,
risk exposure estimate PoDs

124
1.0 F11500000000UIITe
——PBPK onal 094
Measured eral 0.8
0.74
0.6 CDS:1.00

0.0001 0.001 0.01 0.1

Time ()
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Thinking about it in terms of model development

* What question do you want to answer?

ITeleo]l=laB °© What information do you have available?
How does the model . Can we use the BERs so that
formulation we are protective of human

perform?

Does it describe the data health?

well? ’ ‘ ) )
Define model assumptions

Decide on a way to

assess how well the

toolbox performs w The BER can be estimated in
terms of the PODs and Cmax
from the PBK models

o : Develop and implement the model

Generate/curate relevant
data

Curate relevant benchmark
exposures and generate data
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Identifying suitable benchmarks for the evaluation

. . Risk
Chemical Exposure scenario cgs at
classification
2 scenarios: 0.5%; 2% sunscreen
Oxybenzone
Caffeine 2 scenarios: 0.2% shampoo & coffee oral consumption 50 mg
Caffeine 10g - fatal case reports High risk
H . 1 . 0, 1 .

Coumarin 2:(:lenarlos. 4 mg/d oral consumption; 1.6% body lotion (dermal); TDI 0.1 mg/kg
Coumarin 400 mg/kg clinical trial ~ 14 months High risk
Hexylresorcinol | 3 scenarios: Food residues (3.3 ug/kg); 0.4% face cream; throat lozenge 2.4 mg
BHT Body lotion 0.5%
Sulforaphane 2 scenarios: Tablet 60 mg/day; food 4.1-9.2 mg/day
Niacinamide 4 scenarios: oral 12.5-22 mg/kg; dermal 3% body lotion and 0.1 % hair condition
Thalidomide 3 scenarios: oral tablet 50 mg, 100 mg, 400 mg High risk
Doxorubicin 75 mg/m2 1V bolus 10 min; 21 days cycles; 8 cycles High risk
Rosiglitazone 8 mg oral tablet High risk
Y\?I:Z;OIC a=te 2 scenarios: oral tablet 1000 mg & > 60 mg/kg High risk

. . . High risk
Paraquat Accidental ingestion 35 mg/kg




Using PBK models to predict Cmax

In silico
parameter

estimates

Exposure estimation
/

PBK model _

(Gastroplus)

T T

In vitro Human
parameter in vivo
estimates PK data

MENIE!
C

’max
estimate

Cax Error
Distribution
model (CMED)

(Bayesian model)

k (L1) (L2) (L3)

* Used a (bottom-up) PBK model to predict Cmax under different parameterisations
* Used a (top down) Bayesian statistical model to quantify the potential error in the est

Estimate Bioactivity Exposure Ratio and
Decision model

7o
2

si%ﬁ
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Quantifying the error in the Cmax estimates

In silico only + In vitro + clinical data
parameters parameters
PBK L1 PBK L2 PBK L3
Sulforaphane Oral Food & Drink, 3.9 mg/day : X . : x . :
Salicylic acid Dermal Clinical | : x . : x . : x
Rosiglitazone Oral Medical, 8 mg i . ih’ . >§
MNicotine Dermal Clinical : E : x B X :
Miacinamide Oral Food & Drink, 12.5 mg/kg bw/day - x i . >:t . >:t
Diclofenac Dermal Clinical : ® e : ® e : *®
Coumarin Oral 0.1 mg/kg bw/day i X . i X . i x
Coumarin Dermal Clinical - X 1 . - . Y -
Caffeine Dermal Clinical X i . }( . ix
Caffeine Oral Overdose, 10g - X : . X A X |
Caffeine Oral Food & Drink, 400 mg/day - x i . i x - x i
. . . . . . . . .
=2 =1 0 1 2 =2 -1 0 1 2 =2 =1 0] 1 2

I0g10(Cmax predicted / Cmax measured)

 The PBK prediction error decreases as we go through the different parameterisation
levels

‘oo
;‘-;6-
%gﬁ,a

Unilover * This is an empirical observation
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Using a Bayesian model to learn the PBK C ., prediction error

1
67 T
1 o3

iy

T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6
Standard deviation of Cpax estimation error




Using PBK models to predict Cmax

Valproic acid, Oral, Tablet, 60 mg/kg/day

Caffeine, Oral, Overdose, 10g

Valpreic acid, Oral, Tablet, 1000 mg

Paraquat dichloride, Oral, Pesticide poisoning, 35 mg/kg/day
Niacinamide, Oral, Food & Drink, 12.5 mg/kg bw/day

C-ma, L1
Crmax L2
Cmax L3
Cmax measured

Caffeine, Oral, Food & Drink, 400 mg/day
Thalidomide, Oral, Tablet, 400 mg
Daxorubicin, Intravenous, Medical

Niacinamide, Dermal, Body Lotion, 3% -
Thalidomide, Oral, Tablet, 100 mg
Niacinamide, Oral, Food & Drink, 22.2 mg/day
Thalidomide, Oral, Tablet, 50 mg
Oxybenzone, Dermal, Sunscreen, 2%
Rosiglitazone, Oral, Medical, 8 mg
Sulforaphane, Oral, Tablet, 60 mg/day

Coumarin, Dermal, Body Lotion, 0.38% -

Salicylic acid, Dermal, Clinical

Oxybenzone, Dermal, Body Lotion, 0.5%
Coumarin, Dermal, Clinical

Hexylresorcinel, Oral, Threat Lozenge, 2.4 mg
Diclofenac, Dermal, Clinical

Hexylresorcinel, Dermal, Face Serum, 0.5% -

Sulforaphane, Oral, Food & Drink, 3.9 mg/day

Caffeine, Dermal, Clinical 4

o : -

Butylated hydroxyteluene, Dermal, Body Lotion, 0.5%

Caffeine, Dermal. Shampoo. 0.2%

————0

Coumarin, Oral, Food, 4.1 mg/day

Coumarin, Oral, 0.1 mg/kg bw/day 1

oo o

Hexylresorcinol, Oral, Foed residues, 0.0033 mg/kg bw/day

MNiacinamide, Dermal, Hair Conditioner, 0.1% -

' ; ;

1074

T T
1073 1072 1071

10°

T T
10! 102 103 104 10°



PODS from the bioactivity platforms

AKR1C2 28246
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Concentration (M)

HTTr BIFROST HepaRG

) ) ) x . . .
Niacinamide - % HTTr BIFROST HepG2 X |x + X®@ o
% HTTr BIFROST MCF7 :
@ HTIr min pathway BMDL HepaRG i
Thalidomide { ® HTT min pathway BMDL HepG2 X oX &+ e
@ HTIr min pathway BMDL MCF7 : i
+ Cell stress BIFROST
Coumarin 4 IPP lowest AC50 ® ®+ 0@ X
IPP max. tested conc. {no hits)
Caffeine X X+ e« e
Valproic acid 1 x X X + e 9
utylated hydroxytoluene | X X o [ ]
Paraquat dichloride %X ® ]
Oxybenzone - x X+ eex e
Hexylresorcinol O X + X 0o&®
Sulforaphane X X + = d
Rosiglitazone - + m x b4 '
Tunicamycin X xX -.e
Trichostatin A X Xex e
Doxorubicin T J-ﬂ- b4 o0 L l
1073 1072 1071 10° 101 102 103 104
PoD (M)




Initial results indicate the toolbox is protective

Doxorubicin, Intravenous, Medical  ———s——

Paraquat dichloride, Oral. Pesticide poisoning, 35 mg/kg/day -
Rosiglitazone, Oral, Medical, 8 mg - -

Caffeine, Oral, Overdose, 10g -

* Blue: low risk
chemical-exposure
scenario

Sulforaphane, Oral, Tablet, 60 mg/day 4

Thalidomide, Oral, Tablet, 400 mg -

Caffeine, Oral, Food & Drink, 400 mg/day -

B

Niacinamide, Oral, Food & Drink, 12.5 mg/kg bw/day
Oxybenzone, Dermal, Sunscreen, 2% -
Thalidomide, Oral, Tablet, 100 mg 4

Thalidomide, Oral, Tablet, 50 mg

Hexylresorcinol, Oral, Throat Lozenge, 2.4 mg

Sulforaphane, Oral, Food & Drink, 3.9 mg/day

L

l

Oxybenzone, Dermal, Body Lotion, 0.5%

* Protectiveness: 100%
— : | : e Utility: 62%

Hexylresorcinol, Dermal, Face Serum, 0.5% -

Niacinamide, Dermal, Body Lotion, 3%

ml

Coumarin, Dermal, Body Lotion, 0.38% -

Miacinamide, Oral, Food & Drink, 22.2 mg/day

Hexylresorcinol, Oral, Foocd residues, 0.0033 mg/kg bw/day 4
Butylated hydroxytoluene, Dermal, Body Lotion, 0.5% -+

Caffeine, Dermal, Clinical

Caffeine, Dermal, Shampoo, 0.2% -
Coumarin, Oral, Food, 4.1 mg/day - ————
Coumarin, Oral, 0.1 mg/kg bwfday - —

% = Niacinamide, Dermal, Hair Conditioner, 0.1% -

% § T . T T — 3
10° 10% 107 107?107} 10° 10! 10? 10° 104 10°

Unilloser Bioactivity exposure ratio




Next step for the toolbox - the full evaluation

Systemic safety R Planned full
toolbox v.1 i evaluation
A (this work) /\
! Improved NAMs Improved
s -~~~ =~ =~ =" " . .
Use learnings from evaluation decision model

studies to improve toolbox

Planning to extend evaluation to ~40 chemicals with ~60 associated high risk and
low risk exposure scenarios.

Also in collaboration with US-EPA, expanding range of NAMs

Adopt iterative approach to evaluating and then identifying potential
improvements to the toolbox.

Use of concepts from used model evaluation and development should help build
confidence in the approach.
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Thinking about the future...
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Getting started with
computational approaches...
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Learning to code vs using existing tools

Programming Graphical user interfaces

PBK software

File Edit Database Simulation Setup Controlled Release Tools Modules (Optional) Help
C Greph

Com | cupdogtun | Phamscokingtics I Sudstion If real solutions from virtual populations

Ci
Ve, 300014 -
® [ Prdltazone » 1] =] [51 Trans Time = 3223 Mean Abs Tame (h} = 0651
Longest iss. Tie (1} is @ pH 6.8 = 2124 hous
[oren=2 Toa=2 M Abs Dose (5+)- 4 795 +2mg.  Max Abs Dose (i} = 3 361E+2 g
Suppor Fiks

Piogitazone.opd

The Language of Technical Computing . n ’ ' Gastroplus B
Ut h 0 n \Q O ,—.):/(_ Duse [ATm 3] (g [Efective Pemeabiiy -

Ose a3 | B
o T Subsequent Doses o9t © Pt (cove 106 29 BERKELEY MADONNA

:Ie ::il Code \:Nm Plots Session Build Debug Profile Tools Help Dosinglnterval(h} [ 0 Sin Pelf x10°4 (Human) [ 25 Modeling and Analysis of Dynamic Systel h
- OF . (B & A Goto fllefunction - Adding
Melecular Formuba: C1SH20N2035 Daose Vokume (L} 200 Convert from User Data |

© ' run_stan_doserespanse R O Untitled 1 O mystanmodel ft © | control_bias_modelR @ | Bstan_controd_bias_model & =0
Sourceon Save | 4 4 - SRun S+ S Sour - Molecular Weight [g/mol} 356.45 leanalamSM| 7
1 setwd{'c:/users/alistair.middleton/oneorive - unilever work/computer code/simple_plots_for_slide/")
: logP reuiall[ 3 @H [ 7 Sobbiy (mg/nl @pHe7t [ 0,047 Biotelevant Schubilies | T .
3 4 sy semanyceaTy - paste e | Mean Prciptaion Time sec} [ 500 (: Bayer Technology Services,
5 & _
6 # Diff. Coeff. fem™2/s %10°5} 069
7 4
¥ P
10 #

11 . "
3 Mbraryccodetopls) Transporter Table | Parice Size:R=25.00, D=50.00 | _

13 library(devtools)
14 HbraryCreshapez)
15 Tlibrary(rstan)

16 Tibrary(R.matlab)

10+ fxrue <~ function(x) {

21 F=1045/(xA5:1045)+.1
22 returncf)

R Dose response software

28 returnimmat)

31 x_data=104seq(-3, 3, length.out = &)
32 x_data_predict-10‘seq(-3, 3, length.out - 20)

33 y_data-104(10glo0f_Trusix_data))+.1 randnilength(x_datal,3))+. 1randn(lengthix_data), )

34 Mreps=3

35 wdoses-length(x_data)

36 mdoses_predict-Tength(x_data_predict)

37 mydata - 1ist(Ndoses-as. integer (Ndoses) Nreps-as.integer (Nreps) Ndoses_predict-as.integer (Ndoses_predict), adata-x_data,ydata-y_data,xdata_predict=x_data_predict
38 sourca('mystarmadal.R")

tcpl 2.0

30 stammodelinst <- stan_model(model_code - stanmodeltext, verbose = TRUE) H

3 el < St e e S S S coren ) BMD Data Processing
41

42

55 aeract_paramecers-extract(stan_ovrpur) xpress 2.3
44 writeMat('stanresults_badfit.mat’ extract_parameters=extract_parameters,data_train=mydata)

https://cran.r-
project.org/web/packages/tcpl/vignet
tes/Data_processing.html

BB/ 2D

BAYESIAN BENCHMARK DOSE MODELING SYSTEM

https://benchmarkdose.com/
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