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Introduction

@ Inregulatory risk assessment, extrapolation factors (EFs) are used to
extrapolate from experimental conditions (animal studies) to human
exposure.

@ Time extrapolation: a short time study is available, but safety
assessment for chronic exposure conditions is required.

@ The NO(A)EL (no observed (adverse) effect level) of the long term
study is then estimated by applying the corresponding EF.

Dataset description
EFs were calculated from paired studies with oral exposure for the same
chemical/species/route but different study durations:

long term study NO(AJEL
Data were extracted from literature and different databases* e.g.
ToxRef, Vitic (from the IMI eTOX project), ELINCS, Hess and RepDose.

302 EFs for 172 chemicals
1059 EFs for 462 chemicals

w Subacute to subchronic:

w Subchronicto chronic:

|. Data uncertainty and variability
The impact of limitations in study design and comparability of study

pairs on EF distribution functions was analysed

w High differences in dose spacing (N= 281 EFs)

@ Dose selection: tested concentrations do not overlap (N= 46 EFs)

w Only one concentration tested in one or both studies (N=29 EFs)

B No effects observed in one or both studies (N= 30 EFs)

w Study quality not specified or EFs result from the combination of a low and

high quality study (N= 237 EFs)
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@ Spread increases with increasing data uncertainty and variability

® GM is not significantly different

lll. EF according to toxicolog. potency?

@ In ascending order of toxicity groups of compounds were built, each
representing 10 or 15% percent of the entire dataset.

@ EFs per group were analysed

@ A consistent trend was observed for both datasets: EFs increase with

decreasing toxicity in short term toxicity study
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Table 2: Time EFs subchronic-chronic and subacute-subchronic

Extrapolation |Dataset «
(mmol/kgbw/d) N GM GSD -95% ClI +95% Cl

Al 462 5.0 15 2.0

Subchronic —

) Toxic <0.0016 142 1.0 4.9 0.7 1.3
Chronic i

Low toxic >0.0016 320 2.3 4.7 1.9 2.7

All 172 1.6 4.1 1.3 2.0

Subacute - s -

. Toxic <0.02 50 0.8 3.6 0.6 1.2
Subchronic i

Low toxic >0.02 122 2.1 4.0 1.7 2.8

Il. Group specific EFs possible?

Group definition:
B One characteristic structural feature (CSF)

# One CSF and a shared metabolism (CSF + Met)
B One CSF and a similar mode of action (CSF + MoA)

w A CSF and a shared use (CSF + Use) — a selection is shown

u I R B
N GM GSD -95%Cl +95%Cl  p
I Al subchr-chronic 462 1.8 5.0 152 2.04 ref
1.1 Carbamates 33 16 93 0.72 351 071
12 OPs 33 13 37 0.84 212 030
Surfactants 10 07 34 0.30 170 007
P2 Allaliphatics 132 18 52 138 2.42 ref
[EIN2.1  Haloalkanes 16 18 22 115 267 091
222 Phospho 8 28 7.3 0.53 1476 045
[T2NTER2.4  Alcohol/ether 15 21 32 1.07 394 077
2.5 Ester/carboxylic acids 9 1.3 27 0.59 2.78 0.51
PNz All_aromatics 318 17 48 1.41 199 ref
[E32  Phenol 18 17 65 0.68 437 043
[2NTN34  Aniline 15 15 21 1.00 226 078
[T2NYN35  Nitrobenzene 11 09 39 0.37 230 020
[E37  Prazle 16 06 68 0.23 Wz <0.05)

IV. Results and conclusion - which EF to use?

@ EF based on large datasets

@ GM most robust value to derive EF based on distribution functions.
High and low percentiles are influenced by data variability and
uncertainty (Figure 1)

@ Group specific EF could not be derived (Table 1), because of small
datasets, high spread, low statistical power

@ Remarkably - potency analysis indicated sign. different EFs for low
and high toxic compounds (Table 2), same trend observed for
inhalation route (systemic effects, data not shown).

@ Our analysis resulted in EFs of 1.8 for subchronic -chronic and 1.6 for
subacute-subchronic extrapolation, confirming our earlier findings
with a smaller dataset (Batke et al. 2010*). These EF are lower than the
EFs currently proposed in the REACH guidance of 2 and 3, respectively.
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