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1. Introduction

The Euromix project has developed new models and strategies to identify groups of chemicals to
consider in a risk assessment. One of the aims is to develop practical tools that can be applied to
larger groups than was previously possible. How to select the most important compounds that are
relevant for a given health effect, from the many thousands in use, is an important but difficult
problem. The purpose of this report is to:
e demonstrate the need to quantify uncertainty about which chemicals should be included in
cumulative risk assessment, and about their combined effect on risk,
e demonstrate the need to quantify other sources of uncertainty, rather than exclude the
chemicals they affect or make conservative assumptions,
e describe practical methods for doing this,
o illustrate application of the proposed approach with a worked example
e use the worked example to explore the potential magnitude of some key uncertainties.

There has long been concern about the potential cumulation of risk when considering chemicals
collectively rather than individually (EFSA, 2008; Sarigiannis and Hansen, 2012). How risk cumulates
across chemicals depends on their detailed mechanisms of action and how those interact. Research
is ongoing to investigate those mechanisms and model them explicitly, but this is a complex and
resource-intensive undertaking, especially when more than a small number of chemicals need to be
considered. There is therefore substantial interest in whether empirical, rather than mechanistic,
models may provide a more practical approach for regulatory assessment of cumulative risk, at least
in the short to medium term.

Several types of empirical model have been considered: dose addition, effect or response addition
(one version of which is referred to as independent action), synergistic action and antagonistic
action. The European Food Safety Authority (EFSA) has recommended that dose addition be assumed
as the default model for regulatory assessment of cumulative risks of pesticides in the EU (EFSA,
2018b) and this is assumed in the examples presented in this report.

Cumulative risk assessment requires specification of the group or groups of chemicals to be
considered. First, cumulative assessment may be limited to chemicals that are subject to a common
regulatory framework, e.g. pesticides. This will lead to underestimation of risk, if chemicals from
multiple regulatory areas contribute to the same cumulative risk.

Second, it is necessary to assess which of the chemicals considered contribute to cumulative risk. For
this purpose, the European Food Safety Authority (EFSA) has defined a hierarchy of ‘cumulative
assessment groups’ (CAGs) with four Levels (EFSA, 2013). A Level 2 CAG comprises chemicals that
cause the same phenomenological effect in the same organ.

In reality, it is uncertain which chemicals belong to each CAG. It cannot be stated with certainty
which belong, and which do not; rather, some chemicals are more likely to belong, and other
chemicals less likely. Current approaches deal with this uncertainty by using a combination of
evidence, criteria and expert judgement to assign chemicals as belonging or not belonging. However,
each chemical that is assigned as belonging has some probability of not belonging, and vice versa. A
recent example where membership probabilities have been assigned based on expert judgement is
described in EFSA (2018c) for a CAG of pesticides linked to effects on the nervous system. Rather



than assigning individual probabilities to each compound, experts were asked to assign a probability
distribution to the number of substances in each sub-group causing the effect. Given the large
numbers of chemicals that could potentially be included in some CAGs, the potential scale of under-
or over-estimation of risk could be very substantial, leading to under- or over-regulation.

Analogous issues arise in relation to other sources of uncertainty, including missing data. For
example, if chemicals for which either toxicity or exposure data are lacking are excluded from the
assessment, their contribution will be excluded. This will tend to make the assessment
unconservative, under-estimating cumulative risk. On the other hand, if a source of uncertainty is
addressed by using conservative assumptions, this will lead to over-estimation of risk. Examples of
this include the use of the threshold of toxicological concern (TTC) for chemicals that lack in vivo
toxicity studies, and replacing censored (non-detect) concentration data by the limit of detection.
When assessing risk for a single chemical, it may be possible for assessors to make some judgement
about the degree of conservatism or unconservatism introduced by different assumptions, and their
combined impact on the conservatism of the risk assessment as a whole. However, this is much more
difficult in a cumulative assessment, involving multiple chemicals each subject to multiple
assumptions, combined in a complex manner. In summary, dealing with uncertainty by excluding
chemicals from the assessment, using conservative or unconservative assumptions, or a combination
of these, produces assessments which have unknown levels of conservatism.

These problems can be avoided by quantifying the uncertainties affecting the assessment.
Conservative or unconservative assumptions should be replaced, where possible, by probabilities or
probability distributions that quantify the uncertainties they address (e.g. use the distribution the
TTC is derived from, rather than the TTC itself). Quantify uncertainty about CAG membership using
probability, retain all possible CAG members in the assessment, and conduct the assessment in a way
that takes account of the probabilities. This leads to an estimate of cumulative risk with a distribution
or confidence interval which includes the combined effect of the uncertainties about CAG
membership and other quantified sources of uncertainty. Such an output can be used to derive point
estimates of cumulative risk with specified levels of conservatism, which in turn enables risk
managers to control the degree of precaution they apply in their regulatory decisions. It also makes it
possible to analyse the contribution of each chemical to overall uncertainty and target refinement of
the assessment (when needed) on those that contribute most.

We refer to the latter approach as ‘retain and refine’, since all possible CAG members are retained in
the assessment, and refinement is targeted on those that contribute most to the uncertainty of the
cumulative risk. This differs fundamentally from approaches that deal with uncertainty by excluding
chemicals or making assumptions, and approaches that refine cumulative assessment by
progressively excluding more chemicals from the CAG, which lead to unknown levels of
conservatism. The following sections consider in more detail the conceptual model for the ‘retain
and refine’ approach, describe practical methods for implementing the model, and illustrate it with a
worked example.

1.1. Retain and refine conceptual model
EFSA address the question of which chemicals to include in a cumulative risk assessment through the
concept of cumulative assessment groups (CAGs) with four hierarchical levels (EFSA, 2013):

e CAG Level 1 - chemicals affecting the same organ
e CAG Level 2 — chemicals within a Level 1 CAG that cause the same phenomenological effect



e CAG Level 3 — chemicals within a Level 2 CAG that cause the same effect through the same
mode of action

e CAG Level 4 — chemicals within a Level 3 CAG that cause the same effect through the same
mechanism of action.

The purpose of CAG Levels is to inform decisions about which chemicals to include in a cumulative
assessment, and how to combine them. Uncertainty about this can be considered at two levels: first,
uncertainty about whether a chemical causes a given phenomenological effect and, second, given a
group of chemicals that do cause the same effect, uncertainty about whether their combined effect
is consistent with the model of dose addition. Both these uncertainties can be quantified as
probabilities (and will be discussed in more detail in a separate publication Hart in prep) however we
focus here only on the first of these, i.e. CAG level 2 probabilities (Section 2.1). When large numbers
of compounds are retained in the analysis, practical difficulties arise due to incomplete exposure and
toxicity data for many of them. Proposed solutions are addressed in sections 2.2-2.3. Potential
approaches for other sources of uncertainty in cumulative risk assessment are introduced in
subsequent sections, 2.4 — 2.5 although these are outside the scope of EuroMix and not currently
implemented.

2. Model components developed within Euromix
2.1. Probability of causing a specified effect (CAG Level 2)

In keeping with the general paradigm for chemical risk assessment, risk for different
phenomenological effects are assessed separately, whether in the same or different organs. On this
basis, cumulative assessment is restricted to members of the same Level 2 CAG. However, we note in
passing that, if cumulative risks for individual effects were high enough, then it would become
relevant to consider also combination at the organ or organism level.

In this report it is proposed to quantify the uncertainty about whether a chemical does or does not
cause a specified effect, using probability. In principle, it may be possible to analyse study data using
statistical methods. However, this would only take account of those uncertainties that are reflected
in the variability of the data. It would not reflect important additional uncertainties, such as those
relating to the quality and reporting of the study, and the relevance of the observed endpoints to the
effect of interest, assessment of which requires expert judgement. Probabilities could in theory be
obtained using structured methods for expert judgement (expert knowledge elicitation or EKE, EFSA
2014), taking account of both the reported results of the available studies and the additional
uncertainties. Examples of this approach are developed in EFSA (2018c) in which experts considered
the number of compounds within each of 7 subgroups that cause an effect. A distribution was also
elicited for the total number of compounds causing the effect. Combining the resulting probability
distributions, it would be possible to assign probabilities of CAG membership.

Such probabilities, whether from data analysis or expert judgment, can be used in cumulative risk
assessment to take account of uncertainty about which chemicals really cause the effect of interest.
This requires probabilistic calculations, which are simple to implement using Monte Carlo simulation.
The calculation of cumulative risk is repeated multiple times, using the probability for each chemical
to determine whether it is included or excluded in each iteration. When this is done for multiple
chemicals in the same assessment, each iteration of the calculation will give a different cumulative
risk, depending on which chemicals are included or excluded. Those results form a distribution



guantifying the uncertainty of the cumulative risk that results from the uncertainty about which
chemicals really cause the effect of interest.

In principle, a separate probability is needed for each pesticide. However, conducting a detailed
elicitation process separately for each chemical will require substantial time and resources when
there are many chemicals to be considered. A practical alternative is to group the chemicals, based
on criteria that the experts consider important for assessing the probability of causing the effect of
interest. One could then elicit a probability distribution (representing uncertainty) for the proportion
of chemicals in a specified group that cause the effect, or a discrete distribution representing
uncertainty about the total number of chemicals in the group that cause the effect. Both options are
feasible, with contrasting technical advantages and disadvantages that will not be discussed further
here.

In vivo data may include false negatives as well as false positives, so it is also possible that the
existing Level 2 CAGs exclude some pesticides that should be included. This could be addressed by
the same method as described above. If experts considered that all pesticides with no effects
reported in animal studies could be treated as a homogeneous group, i.e. that their individual
probabilities would be identical or closely similar, then an uncertain proportion or discrete
distribution could be elicited for the group as a whole. However, if there was some basis for
differentiating these chemicals into smaller groups with different probabilities — e.g. based on
chemical structure, or other effects seen in animal studies — or for assessing their probabilities
individually — e.g. using in silico or in vitro data — this would be preferable to assessing them all
collectively.

Within the EuroMix project, it was not feasible to elicit expert opinion on the CAG memberships of
the CAG level2 steatosis compounds. A statistical model was used to estimate individual CAG
membership probabilities from QSAR test data. Methods and example results are described in
Section 2.1.1.

EFSA’s work has thus far considered only pesticides. In future, it may be required to include other
classes of chemicals in cumulative risk assessment. Animal studies may be available for some of
those chemicals, but not others. It will therefore be necessary to consider what other types of
evidence could be used for those. Similar approaches to those outlined above could then be applied:
assess probabilities for individual chemicals where possible, e.g. using in silico methods; or form
groups of chemicals, e.g. based on chemical structure, and elicit an uncertain proportion or discrete
distribution for each group.

2.1.1. Estimating probabilities based on QSAR results

Data were compiled from runs of QSAR models on a large collection of training compounds with
known in/out steatosis status (Ref to WP2 deliverable). From these data, summaries were calculated
for each QSAR model as (TP, FP, TN, FN) = number of True Positives, False Positives, True Negatives,
False Negatives.

To determine whether any given compound is relevant or not to the chosen health effect, a Bayesian
weight of evidence approach similar to that already used in the OSIRIS project (Rorije et al, 2013) was
applied. For a given health effect, we let I; be the indicator that compound i is in the set of
compounds leading to the effect (requiring inclusion in the CAG). Specifically, we have I; = 0 if
compound i is not relevant and [; = 1 if it is relevant. Let p; = P(I; = 1) denote the prior probability
that compound i belongs in the CAG and let p; denote the posterior probability, conditioned on the
observed QSAR model training data. Prior information about I3, ..., Iy might be obtained from



experts assigning probabilities. If compounds were selected at random with no knowledge at all
whether they will influence the health effect, then the default p; = 0.5 might be set. In the example
presented in Section 4, this default is used simply for illustration. In a real risk assessment, if the
compounds are selected from a list already assessed to be part of the steatosis CAG (DTU, 2012), a
higher value may be appropriate.
For compound i, data are available from M QSAR models Q4, @5, ..., Q. In the simplest case, data
are yes/no results' and we can express the result for the ith compound and kth model as
_ (0 negative result
Qi = { 1  positive result
If we assume that the [; are independent, i.e. information about one compound does not influence
beliefs about the inclusion of any other, then Bayes’ Theorem can be applied separately to each
compound
pi = P(U; = 1qi1, Giz, - qim) = PU; = 11q;) = piP(q;|l; = 1)/P(q;) (1)

and p; can then be used in the Bernoulli simulation as part of the probabilistic exposure calculation.
Calculation of (1) requires

i The prior p; which is set by default to 0.5 or is obtained from expert opinion and/or

knowledge of the selection of compounds to be analysed by QSAR;
ii.  P(q;|l; = 1) which is the joint probability of obtaining the observed results when the correct
classification is to include the compound;

iii.  P(q;) which is the joint probability of obtaining the observed results.
Probabilities ii and iii were estimated using training data where compounds are known to be positive
or negative, as explained below. The errors in the approximations of these probabilities depend on
the number of positive and negative results in the training set.

The calculations can be expanded as

P(q;ll; = 1) = p(qull; = Dp(qi2lqi1, I; = Dr(i31qi2, gi1, I; = D . 0@Qim| Gits -» Gim—1,1; = 1)
(2)

and
P(q;) = p(qi1)P(4i219:1)0(4:31912,911) P (Qim| Qi1 > ima—1) (3)
so that (1) becomes
pi = piP(qi1ll; = 1)/P(qi1) m=2 P@im|i1s -r Qim—-1,1i = 1)/P@im|4i1, - » Qim—1)- (4)

In general, useful information about dependence is not available, so the simplified versions of (2)-(4)
that assume conditional independence are used:

P(qll; = 1) = [Ih=1p@im|l; = 1) (5)
P(q;) = piP(q;|l; = 1) + (1 — p;)P(q;|I; = 0) (6)
pi = piP(q;ll; = 1)/P(q;). (7)

The Cooper statistics Sensitivity (Se,,) and Specificity (Sp,,) are required for each test, where Se =
TP/(TP + FN) is the proportion of true positive test results when I; = 1 and Sp = TN/(FP + TN) is the
proportion of true negative test results when [; = 0.

! Alert based systems are also treated in this way, although it may be better to interpret the absence of an alert
to be weaker information than a true negative. A problem in that case would be that the specificity and
sensitivity measures are derived assuming an absence of an alert is a negative result.



These are translated into the required probabilities as follows.
_ 1y (PEN)=1—Sep, qin=0
Plmllc=1) _{ p(TP) =Sem  qim =1
and
p _ {p([li =Jland FN]or[l; =0 andTN]) @im =0
(@im) = p([Il; =1andTP]or[I; =0and FP]) qn =1
_ {pi(l —Sep) + (1 =p)SPm qim =0
piSem + (1 =p))(1 =Spm) qim =1

We also use the fact that

p(TN) =5pym  qim =0

P(qiml|l; = 0) = {P(FP) =1-Spym qm=1

When considering many compounds, practical difficulties can arise where the model computations
result in missing values for q;,,. If model results are missing for all m = 1, ..., M then the posterior
probability is set equal to the prior probability (no updating of information is possible). Otherwise,
the products used in (5) and (6) simply omit the missing components (the updating for each
compound i uses only the test data that are available for that compound).

In the description of the model, QSAR model outputs are assumed, but the method can be applied to
any test results with binary outputs. In some of the examples below, we include molecular docking
results where the output is converted to 0 or 1 depending on whether the docking energy exceeds a
threshold.

As a test case of the method, we considered the liver steatosis effect which has been widely studied
in Euromix. To estimate probabilities of steatosis CAG membership, a validation dataset containing
207 compounds (104 active and 103 inactive compounds) was used. As described in Euromix
deliverable D2.4, this dataset comprises pharmaceuticals known to be positive/negative for steatosis
in human studies (Donato et al. 2012; Benet et al. 2014; Jennings et al. 2014; Tolosa et al. 2016), PPPs
from the EFSA CAG steatosis (mammals, as documented in the EFSA supporting publications on CAG
Liver toxicity, and in EuroMix D2.1 the toxicity database) and from Al Eryani et al. 2015 (in-vitro
studies). From these datasets the Cooper statistics were calculated to give sensitivity and specificity
for each test (5 QSAR tests and 16 molecular docking tests).

Assuming independence between tests and fixed prior probabilities for inclusion of each compound,
it is straightforward to derive posterior probabilities of inclusion for new compounds or to cross-
validate the original data using the observed tests. Here, the prior was set as the proportion of
compounds found to be positive for steatosis from a larger set of compounds (79/327 = 0.242)

Some results are shown in figures 1 - 2 showing the difference in probabilities under alternative
strategies for selecting CAG members:

e Include if the majority of QSAR tests are positive, for each compound

e Include probabilities within the simulation to propagate the uncertainty (the method applied
in retain and refine). Probabilities are calculated from binary QSAR outputs only

e Include probabilities calculated from both QSAR tests and (binary) molecular docking outputs

Further uncertainty could be added for the true unobserved test error rates, that accounts for the
limited sample sizes of the validation sets. The simplest method would be to assume independent
beta distributions per compound.



Steatosis validation set results:

In the following plot, blue points correspond to probabilities of inclusion for true steatotic
compounds and red points are for true non-steatotic compounds. We would therefore expect the
probabilities for blue points to be close to 1 and probabilities for red points to be close to zero. These
calculations are a subset of the 207 compounds identified in the Euromix project as a validation set
for steatosis QSAR model development and testing (3 compounds were excluded due to missing test
results).

Results from 5 QSAR models were used to predict the steatosis status of each compound in the
validation set. As a comparison, results from molecular docking tests were also included. These tests
were treated as positive if the binding energy exceeded a set threshold. The wide spread of
probabilities seen in figures 1-2 for steatosis CAG membership shows the importance of keeping
these probabilities rather than setting them to 0 or 1. The majority rule is seen to be close to the
probabilistic results in most cases, if we were to apply a simple threshold assignment depending on
whether p is above or below 0.5. In most cases the inclusion of docking results generates a stronger
result in the sense of shifting the probability closer to the correct 0 or 1 value. There are some
exceptions, in which the inclusion of docking results appears to give a different result (e.g. phosmet
in Figure 1 or ethametsulfuron methyl in Figure 2). Examples are also seen in which including docking
scores leads to correct predictions whereas QSAR scores alone do not (flusilazole, cyproconazole,
Figure 1).

Including docking scores for the inactive substances (Figure 2) leads to more false positives than
using the QSAR tests alone, seen as more red triangles above 0.5 when the compounds listed in
Figure 2 are the non-steatotic compounds (and therefore results should be closer to 0).



Chemical Name

Tetraconazole -
Bifenazate -
Triflurmizole -
Teflubenzuron -
Quizalofop-P-tefuryl -
Propaguizafop -
Penthiopyrad -
Oxadiazon -
Oxadiargyl -
Lufenuron -
Flufenaoxuron -
Fluazinam -
Fipronil -
fenofibrate -
Fenazaquin -
Fenarimaol -
Famoxadone -
Epoxiconazole -
Dirlotapide -
Diflufenican -
Difenoconazole -
Diclofop Methyl -
Bixafen -
Bitertanal -
Benthiavalicarb -
Amiodarone -
Acequinocyl -
3,3 4 4'-Tetrachloroazobenzene (TCAB) -
?eta-Naphthoflavone -
Tianeptine -
Endrin -
Deltamethrin -
Triadimenaol -
Triadimefon -
Tebuconazole -
Proquinazid -
Paclobutrazol -
Metrafenone -
Metconazole -
|sopyrazam -
Ipconazole -
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Imazalil (aka enilconazole) -
Hexaconazole -
Cyproconazale -

Bromuconazole -
Deoxychaolate -
Fluthiacet-methyl -
Fluopyram -
Fluazifop -
Cyflufenamid -
AIpha-CY%\ermethrin-
ifampicin =
Valifenalate (formerly Valiphenal) -
ticlopidine -
Tetramethrin -
Tamoxifen -
TO901317 -
silthiofam -
Iprovalicarb -
Ethoprophos -
Sethoxydim -
Dichlorodiphenyltrichloroethane (ODT) -
Prosulfocarb -
Perhexiline -
Dodemaorph -
dimethenamid-P -
cyclosporine A-
clofibrate -
Amphotericin B -
Mepanipyrim -
Flutriafol -
Flusilazole -
Triazoxide -
Phosmet -
Isoproturon =
Carbendazim -
Azathioprine -
1-Maphthylacetamide ('1-NAD_{ 1
bromoxyni
Tetracycline -
Doxycycline -
MandiFropamid-
Dimethomorph -
Amitrole (aminotriazole) -
Metazachlor -
Metalaxyl -
didanosine -

Valproic acid -
Dichlorvas -

Carbon Tetrachloride -
Acetylsalicylic acid -
Etridiazole -
zidovudine -
thiacloprid -
stavudine -

metam sodium -
Formetanate -
fialuridine -
DL-ethionine -
Dazomet -
1-Methyl-cyclopropene -
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Figure 1: Assignment and Bayesian probabilities for each compound. The black dots are corresponding
classifications using a simple majority scoring rule, where 1 is assigned if and only if more than half of the
tests are positive. Blue points are for active steatotis compounds. Triangles indicate the use of QSAR +

docking results combined. The vertical line at 0.242 indicates the prior probability in this case.
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Chemical Mame

Zoxamide -
Pyriproxyfen -
Phenmedipham -
Chgyfluorfen -
Fluoxastrobin -
Etofenprox -
Cloguintocet-mexyl -
boscalid -
Permethrin -
Fenhexamid -
Cyprodinil -
Chlorpropham -
Glyburide -
Spirotetramat -
Carfentrazone-ethyl -
Acifluorfen, sodium -
Quintozene -
Tebufenozide -
Pinoxaden -
Ketotifen -
Flutamide -
Fluoxetine -
Dibutyl phthalate -
colchicine -
S-Bioallethrin -
Thiabendazole -
Pendimethalin -
Maprotiline -
Buspirone -
Amitryptyline -
Thiophanate-methyl -
Kresoxim-methyl -
Fludioxonil -
Fenoxycarb -
Etoposide -
Diflufenzopyr -
Carboxin -
Anilazine -
Topramezone -
Thidiazuron -
Pyrimethanil -
Forchlorfenuraon -
Diuron -
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dimethoxy-naphthoguinone (DMMGY) - t
Carbaryl -
Benomyl -
1-naphthyl isothiocycante -
Metribuzin -
Trifloxysulfuron-sodium -
foramsulfuron-
Sulfosulfuron- @
Pyrithiobac-sodium -
Peinnxsula_m- .
mazaquin -
Folpet- l
Flumioxazin-
Ethametsulfuron methyl - A
ymetrozine -
Picloram -
Diphenylamine -
Bromacil -
Aminopyralid -
Acibenzolar-5-methyl (benzothiadiazole) -
Acetaminophen -
2-Phenylphenol (incl. sodium salt orthophenyl phenol) -
Pyroxsulam- @
Prosulfuron -
Primisulfuron-methyl -
Phenobarbital -
Oxasulfuron -
Micosulfuron -
Metsulfuron-methyl -
Imiprothrin =
Imazamaox -
Flucarbazone-sodium -
Flonicamid (IKI-220) -
Cyazofamid - A
Clomazone -
Captopril -
Maleic hydrazide -
Glyphosate (incl rimesium aka sulfosate) -
Ethephon -
Thiodicarb - ® t
Malathion -
Fluraxypyr -
Clopyralid -
Clofencet -
4-Chlorophenoxyacetic acid -
2.4-D, isopropylamine salt -
Terbacil -
t-butyl hydroperoxide, -
Simazine -
F'rupargﬁcarbl-
enol -
A

QOryzalin -

lodoacetamide - i
Hexazinone -
Dinotefuran -
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Figure 2: Assignment and Bayesian probabilities for each compound. The black dots are corresponding
classifications using a simple majority scoring rule, where 1 is assigned if and only if more than half of the
tests are positive. Red points are compounds that are inactive for steatosis. Triangles indicate the use of
QSAR + docking results combined. The vertical line at 0.242 indicates the prior probability in this case.

2.2. Uncertainties due to missing exposure data

For some chemicals, exposure assessments may be lacking. This is true, for example, of pesticides for
which no occurrence data are available. EuroMix has developed a simple approach for quantifying
uncertainty about the missing exposure distribution, by taking exposure distributions for other
pesticides and sampling whole distributions at random for use as surrogate distributions for the
missing cases. This implies an assumption that the exposures for pesticides with missing data are
exchangeable with (a random sample from) those for which data are available; uncertainty about this
assumption also needs to be considered. It may be possible to apply a similar approach to missing
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exposure distributions for other chemical classes, if sufficient actual distributions area available to
sample from.

2.3. Uncertainties due to missing toxicity data

In some cases, there are substances that are known to cause (or may possibly cause) the effect of
interest, but for which there are no data available for obtaining hazard characterisations. i.e. no
points of departure or dose response models. Instead of excluding these substances in a retain and
refine analyses, it is also possible to impute hazard characterisations for these substances based on
hazard characterisations of other (similar) substances, and use these for calculating, e.g., relative
potency factors or for risk assessment. Within MCRA 9 the following options are available for
imputation of missing values:

Munro P5 (TTC approach):

The Threshold of Toxicological Concern (TTC) is an example of a tier for extrapolation of hazard
characterisations from other compounds that is already in common use (see Munro, 1996). The
Munro collection of NOELs/LOAELs is a collection of NOELs/LOAELs for chemicals for the critical (i.e.,
first occurring) effect. In the TTC approach, the toxicity of an unknown substance is imputed using
the 5th percentile NOAEL of the sub-collection for chemicals in the same Cramer class (see Cramer,
1976).

Two variations of this approach are to use the empirical NOAEL distribution itself (just sample from
the NOAEL data), or to fit a distribution (e.g. lognormal) to the empirical data and sample from the
parametric distribution. MCRA provides an implementation of the TTC approach that uses the
empirical distribution. In the nominal run, this implementation imputes the hazard characterisations
with a value equivalent to the TTC. In the uncertainty runs, NOAELs are sampled from the empirical
distribution.

The TTC is a conservative estimate of the NOAEL for at least two reasons:

1. TTCs are calculated from a collection of NOELs for the critical (i.e., first occurring) effect
within each study and often the effect of interest will not be the critical effect, and therefore
higher NOAELs are expected.

2. The TTCis a low percentile and therefore a conservative estimate for a random class member
with unknown NOAEL.

Munro central value:

To avoid the conservatism of taking the 5th percentile in the Munro P5 approach, a nominal (or
central) value can instead be taken from the Munro collection for each Cramer class. For a nominal
run without uncertainty, the expected contribution of a substance with missing hazard
characterisation is derived based on the risk as quantified in the hazard index

n

HI = SFZ—ex d
(s HC;
=1

where SF are all combined safety factors (i.e. the product of safety factors), exp; is exposure and
HC; is the hazard characterisation for compound i, e.g. the NOAEL. It follows from this equation that
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an unbiased estimate for the contribution from a substance with missing hazard characterisations is
obtained by taking the harmonic mean from the available NOAELs:

n 1 -1
NOAELcentTal = (Z m)
i=1 '

This is the value to use in a nominal run without uncertainty for the Munro central value approach.
For the uncertainty runs, this approach also uses random sampling from the empirical distribution of
the corresponding Cramer class.

Available hazard characterisations distribution P5:

Another way to avoid the conservatism of the TTC approach, is to use the effect-specific hazard
characterisations of the substances for which these are available (rather than the full set of effect
non-specific study NOAELs which is used for TTC). This collection will have on average higher NOAELs
than those of the Munro NOAEL collection, because for many substances, the effect of interest will
not be the critical effect.

Available hazard characterisations distribution central value:

Similar to the Munro central value approach, a nominal/central value could also be obtained from
the set of effect-specific hazard characterisations distribution for imputation of hazard
characterisations. This approach is considered to yield the most realistic, or unbiased imputation
value for missing hazard characterisations.

2.4. Uncertainties affecting other parts of cumulative assessment

There will be sources of uncertainty in every part of the cumulative assessment. As explained in
Section 1, the same principle applies to them all: dealing with uncertainty by excluding chemicals
from the assessment, or using conservative or unconservative assumptions, produces assessments
which have unknown levels of conservatism. Below, we list some other sources of uncertainty, and
briefly indicate what type of approach could be considered for them. Methods for some of them are
being developed in the EuroMix project or in other projects, and will be reported in detail elsewhere.

e Uncertainty about CAG Level 1. Section 2.1 discussed how to address uncertainty about
membership of CAG Level 2 (causing the effect of interest, in the organ of interest). There
can also be uncertainty about CAG Level 1 — whether the chemical affects the organ of
interest. This may be taken into account within the approach used for Level 2. However, in
some cases it may be useful or necessary to treat uncertainty about Level 1 separately, either
for chemicals that lack animal data or to provide a prior for updating with animal data in a
Bayesian approach. Many QSARs are available for predicting which chemicals cause effects
on which organs, without specifying the type of effect.

e Non-detects in occurrence data. EFSA’s (2012) guidance on probabilistic exposure assessment
recommends using ‘pessimistic’ and ‘optimistic’ assumptions as a basic approach to non-
detects. It is clear that the pessimistic assumption (setting NDs to the LOD) often generates
extremely unrealistic results. Efforts are underway to specify some intermediate assumption,
but this will suffer from the problem identified in Section 1: it will lead to exposure estimates

15



of unknown conservatism (unless the intermediate assumption is calibrated by a full
probabilistic treatment of the uncertainty). What is needed instead is to represent the
uncertainty about non-detects using appropriate distributions. Work on this is beyond the
scope of the Euromix project but is considered in a related Framework Partnership
Agreement between EFSA and RIVM (Kruisselbrink et al, 2018).

e Other uncertainties in exposure assessment. Many other uncertainties may arise in exposure
assessment, e.g. processing factors, missing information on which foods additives and
flavourings are used in and at what levels, use of surrogate data (e.g. for migration of
chemicals from packaging), etc. Some of these are commonly treated with conservative
assumptions in regulatory assessment, and need to be replaced with distributions
quantifying variability and uncertainty. Where data to estimate distributions statistically are
lacking, quantification of the resulting uncertainty by expert judgement will be better than
using fixed assumptions (whether conservative or not).

e Extrapolation of toxicity between and within species. Methods for extrapolating potency
(points of departure) from animals to humans and taking account of human variation have
been developed by IPCS (2017). Work is needed to incorporate these or similar methods into
cumulative risk assessment.

3. Implementation in MCRA

The EuroMix toolbox is developed as part of the EuroMix project, and builds on the Monte Carlo Risk
Assessment (MCRA) platform (van der Voet et al. 2015, MCRA 2016), accessible at
https://mcra.rivm.nl. Aspects that can be used as part of retain and refine are built into MCRA
version 9 and these are demonstrated with a worked example in Section 4. The final software

platform will be fully described in deliverable D6.4 (Scientific paper on the EuroMix toolbox and
software).

The basic idea is that all entities (e.g. substances) which are potentially relevant should be included in
the assessment (retain), but can be handled in different ways (more or less refined) while still being
considered together in the same risk assessment. This functionality is provided by a tiered, modular
design (Figure 3). Technical details are available from the MCRA website. The tiers can include
uncertainty. The risk assessment (RA) framework in MCRA is intended to be flexible. RA is seen as a
hierarchy of modules (Exposure and hazard assessment at the highest level, but these cover further
trees of modules).

In Figure 3, each box represents a data type and an action type related to this data. The grey boxes
depict scoping modules, having the primary entity definitions as data and selection of these primary
entities as the action associated with this module. Both the green boxes and the orange boxes refer
to data about these primary entities and the relationships between them. The green boxes depict the
modules that perform the action of data collection/selection (selection modules), whereas the
orange boxes depict modules that perform either collection/selection of data or calculation of such
data based on other data (selection or calculation modules). For example, concentration models
may be provided as data, but can also be calculated based on concentration data, residue limits, and
agricultural use data. For risk assessments, the final output is the box labelled ‘Risk’, which
summarises the risk of the specified health effect for the population of interest with respect to the
exposure of the specified substances due to consumption or use of the specified foods/sources.
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For each module multiple tiers are available, ranging from pre-sets (for inexperienced users) to
completely custom settings (for experienced researchers). The tiers available are dependent on the
data provided or selected by the user. For example, to include uncertainty of CAG inclusion as part of
a retain and refine model, a file of QSAR or molecular docking results on training data must be
provided to calculate probabilities as described in Section 2.1. Other uncertainties can also be
provided by the user or calculated within MCRA. Examples are provided in Section 4.
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Figure 3. Modular structure of the data and actions of human health chemical risk (and benefit) assessment.
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3.1.Tiered approaches

Each type of data and each calculator module can exist in several forms (or tiers). For data, these
tiers correspond to different ways (i.e., formats or levels of granularity) in which the data is
recorded/provided. For the calculator modules, these tiers correspond to the different models (and
model options) available for performing the modelling task of the module. The overall risk
assessment model is then specified as the collection of all data and sub-models.

For calculators, tiers are defined as a set of specified options. The calculator settings specify which
data is used/required as input, which data (tier) is produced as output, and how the output is
computed from the input. Tiers can differ in many respects, and there is no single dimension to rank
tiers as low vs. high. In risk assessment, typical tiers contrast deterministic to probabilistic
approaches, conservative to realistic approaches, approaches using restricted data to approaches
using more extensive data, and approaches using different degrees of model complexity.

Figure 4 illustrates how a data/calculator module consists of several calculator tiers (in this case
defined as method 1 to method n) and produces different data tiers (in this case containing different
levels of detail with respect to variability/uncertainty).

Primary
entity 1

Primary
entity 2

»
-

Data / calculatoroutput

Primary Input3
entity 3 (action)

Calculator tiers: Data tiers:

* Method 1 1) Point estimates

*+  Method 2 2) Points estimates + uncertainty

3) Distribution estimates

* Method n 4) Distribution estimate + uncertainty

Figure 4 lllustration of how calculator tiers and data tiers belong to a data/calculator module. Data inputs are coloured
green and calculators are coloured yellow

It should be noted that for a full risk assessment, involving multiple modules of the modular design,
the “overall tier” is the collection of tiers chosen at the individual modules. Therefore, “overall tiers”
are defined as the level of the central risk assessment module, with specific requirements on the
tiers of the input-data and/or modules producing the input data.

Each calculator has as a main output an entity that can combine different tiers (tiered entities). For
example, in a hazard assessment, some substances may be assessed using a tier ‘Hazard Dose from
dose-response data’, other substances may be assessed using a tier ‘TTCx100’ or ‘sample from
general NOAEL distribution x100’ (which only requires knowledge of the Cramer class of the
substance). Here the tiered entity is substance. In dietary exposure assessment, some food x
substance combinations may be recognised as risk drivers requiring a more complex approach (e.g.
probabilistic modelling), whereas a simpler approach (e.g. deterministic modelling) may be sufficient
for all other food-substance combinations. Therefore, in this case the tiered entity is ‘food-
substance’.
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3.2. Uncertainty

The true risk may be highly uncertain, and although each module can be addressed including some
degree of uncertainty quantification, a flexible system is required in practice. Automatically excluding
compounds due to lack of data, even when there is no strong evidence that they are safe, should be
discouraged. In the retain and refine approach, all potentially-relevant compounds are retained in
the assessment and refinement is targeted on those compounds with greatest uncertainty. While the
nature of uncertainty varies per modelling task, ideally a consistent approach to treating
uncertainties in the modelling approaches should be followed, so that uncertainty in the final risk
outputs can be interpreted properly. Within EuroMix this has been implemented as far as
pragmatically possible.

3.2.1. Quantification of uncertainties within the assessment
model

All data are uncertain estimates of intended quantities. In some cases, part of the uncertainty (but
not all, see below) can be quantified from the data themselves, e.g., by resampling techniques, in
other cases a parametric specification of uncertainty can be given, and this will be part of the
corresponding green (selection) box. For data that are generated by the calculators, and which may
be single values or distributions representing variability between individuals or individual-days, the
guantification of uncertainty can be included within the output. The uncertainty distributions can be
generated by:

1. Resampling inputs with replacement but keeping the sample size fixed equal to the input sample
(bootstrapping). This is designed to capture uncertainty due to limited sample size. It is used for
e.g. consumption and concentration data.

2. Sampling from a parametric distribution or simulated realisations corresponding to a known
degree of uncertainty in unknown input parameters. The degree of uncertainty may be obtained
from statistical modelling of parameters (e.g. used for the binomial-lognormal concentration
model), or it may be based on expert judgement using formal or semi-formal expert elicitation
methodology (EFSA, 2014, 2018a). Elicitation may be an option where data are available but
subject to limitations in reliability and/or relevance that require expert judgement (these
uncertainties are not captured by the other options in MCRA). Examples might also include cases
where estimates can be made based on indirect data, e.g. for other compounds (as in read across
and the TTC approach).

3. Sampling different selections from pre-generated uncertainty sets (provided as additional data).
This mechanism is already used for uncertainty in non-dietary exposures for a population of
individuals (Kennedy et al, 2019). In this case, the population is assighed multiple sets of
exposures corresponding to multiple uncertainty realisations.

3.2.2. Uncertainty and deterministic tiers

At deterministic tiers, where a single value is used instead of a distribution, users should have a
choice whether to work with best estimates (e.g. mean values) or conservative estimates (e.g. tail
percentiles). Users should be aware that it is extremely difficult to assess the degree of conservatism
of deterministic cumulative assessments by expert judgement (see Section 3.2.3).
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In a tiered approach it is accepted that some uncertain quantities are nevertheless modelled with
fixed quantities. The uncertainties should then be handled collectively by characterising the overall
impact on the assessment conclusion using a ‘combined assessment’ approach described in EFSA
(20184, section 16).

3.2.3. Quantification of uncertainties outside the model

In every assessment, all uncertainties that are not quantified within the assessment model should be
assessed collectively outside the model, so that they can be included in a combined assessment of
uncertainty at the end of the assessment. The rationale for this is set out by EFSA (2018, section 16),
which also contains guidance on how it can be done. At simplest, the users will make a list of all the
uncertainties not quantified within the model, quantify their combined impact on the assessment by
expert judgement, and combine this with the uncertainty distribution output by the model. Any
uncertainties which the users feel unable to include in the collective quantification can be excluded,
but must be listed, described and reported alongside the quantitative assessment results (which are
then conditional on the unquantified uncertainties having no impact).

In a tiered approach it is accepted that some uncertain quantities are nevertheless modelled with
fixed quantities. The remaining unquantified uncertainties should then be handled collectively by the
‘combined assessment’ approach described above.

Combined uncertainty assessment should be included in every assessment that is conducted to
support regulatory decision-making, because decision makers need to know how different estimated
and actual risks might be (EFSA, 2018). Combined uncertainty assessment may not be needed when
doing assessments for research purposes, although even here they are beneficial (e.g. to assess the
reliability of research conclusions that depend on model outputs).

In view of the wide use anticipated for this methodology, a separate tool to support combined
uncertainty assessment within the EuroMix toolbox has been developed (Kennedy et al, 2018). This
replaces and improves on the ‘uncertainty table’ tool developed in the Acropolis project. It has the
added benefit of supporting the assessment of uncertainty for model inputs by expert judgement, or
by weight of evidence assessment (EFSA, 2017), as these can be done with the same functionality.

3.3. Use of tiered approach and uncertainty in retain and refine

In a retain and refine approach, a typical risk assessment will start at a tier that is simple to perform
for all tiered entities (potential risk drivers). In the simplest possible assessment, every input would
be set to a default value or distribution, representing the uncertainty of that input when no
compound-specific data is available. However, based on data availability and ease of application, the
initial assessment can already include more complex elements, such as probabilistic modelling. If the
initial calculations produce risk estimates that do not exclude concern, refinement of the modelling
for the perceived risk drivers is useful for checking whether this concern is real.

Quantification of uncertainty is inherent to the retain and refine approach, at least for CAG
membership, because it allows each compound to be included in proportion to its probability of
belonging (other inputs could be deterministic if the user so chose). The network shown in Figure 3
includes a node ‘Assessment Group Memberships’. As part of the input data, a probability of group
membership at CAG Level 2 and/or Level 3-4 can be assigned to each compound in the list.
Probability values might be generated from expert opinions or from QSAR test results, for example.
In some cases, compounds might be grouped together to simplify the prior probability assessment of
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group membership if data are not available. Another simple approach would be to use default
probabilities based on proportions seen in previous studies.

When including uncertainty in the model run, each compound is independently simulated as being
included or excluded from each CAG Level using its probability for each Level. By repeating the
process multiple times, in the outer loop of a 2D Monte Carlo calculation, the impact of uncertainty is
captured in the results. Note that the retain and refine concept is not compatible with total exclusion
of any compound. In nominal runs, which lack an outer loop, each compound will be included but its
contribution to exposure will be multiplied with its probability.

In a conventional risk assessment, another reason for excluding some compounds might be lack of
data for one or more required inputs (e.g. dose-response, concentration data, etc.). In the retain and
refine approach, defaults must be available for every input. Wherever possible, the defaults should
be probabilistic, i.e. distributions quantifying uncertainty. Deterministic defaults can be used, but will
result in the overall assessment having a degree of conservatism that is effectively unknown. This is
because the complexity of cumulative risk assessment means that any expert judgement of the
overall degree of conservatism deriving from many inputs with varying degrees of conservativism will
be extremely unreliable.

Given that Euromix has a finite budget, it is not feasible to develop high quality defaults for every
possible input. Therefore, functionality was first developed to enable users to populate defaults at a
later stage, then some of these defaults were populated during the project (to enable case studies
and demonstration assessments to be done). These are the uncertainties described in Section 2. For
other aspects, simple ‘placeholder’ defaults (e.g. based on literature values or informal expert
judgement) have been used in the Euromix tool for as many other inputs as possible. The basis of all
included defaults is included in the documentation of the system.

3.4. Probabilistic approach to translate the uncertainties implied in the above low
tiers to the final risk assessment

Given probabilities of CAG membership, when run ‘with uncertainty’ the outer loop of the RA model
samples ones and zeroes (ins and outs) from independent Bernoulli distributions to reflect the
uncertainty of membership. A different realisation of the cumulative risk is generated for each
realisation in this outer loop (Figure 5).

Further at the lowest tier, hazard doses are sampled from the chemical-unspecific hazard dose (e.g.
NOAEL) distribution behind the TTC approach, and exposures from a newly established chemical-
unspecific exposure database.
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Figure 5. Conceptual model of the simulation implemented in MCRA, as used in a retain and refine analysis.
In an uncertainty run, the process would be run repeatedly with potentially different realisations

For a nominal run (RA without uncertainty), which is often useful as a first approach, it is natural to
multiply the estimated exposures per compound with the probability, and this has been
implemented

4. Worked example — steatosis

In this section an example is presented based on one of the main case studies developed within the
Euromix project. As explained in Section 3, MCRA has been updated to allow uncertainties to be
guantified at each step of the calculation. This allows for retain and refine to be implemented as far
as practically possible in any given scenario. The example presented below uses the data and
information available within the Euromix scenario for liver steatosis plus some additional compounds
to illustrate the impact of uncertainty on the analysis. The results are only included to demonstrate
the retain and refine principles and implementation in MCRA and do not represent a real risk
assessment.

4.1. Retain step

An example was implemented in MCRA version 9 using 100 compounds. Of these, 50 were selected
as those with highest RPF values from the previously determined CAG steatosis compounds. The
remaining 50 were selected randomly from the 573 compounds in the (PPP only) EuroMix substance
inventory file. This second set was included to demonstrate what might happen if we retain a larger
set of compounds. For the combined 100 compounds the Substances input file, together with a file of
QSAR models and scores were compiled into the correct format and uploaded to MCRA. The
remaining files were used from the shared EuroMix folder already uploaded in MCRA. Table 1
summarises the settings and data used in the example run with MCRA. These options correspond to
some default uncertainty calculation methods built into MCRA. As explained in Section 3, more
flexible options are provided for future extensions of retain and refine by allowing a user to upload
externally calculated uncertainties in these or other model inputs. Imputation of missing exposures
was not included in this example. For concentration models the EFSA guidance optimistic calculation
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tier was used for this exercise. (Using the pessimistic model instead led to substantially higher

exposure estimates, although this model has been found to generate extremely conservative results

in earlier work.)

Table 1. Summary of uncertainties quantified and implementation in Euromix toolbox (MCRA version 9)

Retain and refine
component

MCRA modules/actions

Data source, parameters and
options used

Description

CAG membership

Active substances, with
Settings = compute and
select compute from
QSAR membership
scores

File Retain and Refine
QsarMembershipModels.xlsx
contains tables for QSAR
membership models
(Sensitivity & specificity of
each QSAR test derived from
training data with
compounds of known CAG
status) and QSAR
membership scores data
(QSAR results 0 or 1 for each
combination of compound
and QSAR test);

Bayesian method used with

prior probability = 0.5;

Bayesian update
model computes
posterior probability
of CAG membership,
that will be used for
repeated random
simulation of
membership

Missing toxicity
information

Hazard — Hazard doses
and Target hazard doses
calculation

Action settings for point
of departure

File

Points of departure
\HazardDoses.xlsx;

Impute missing target doses
by unchecking the option
‘restrict to substances with
known hazard’; Imputation
method used = Munro p5
(unbiased for Bayesian
method)

Missing toxicity data
will be imputed
based on the Munro
distributions of
compounds in the
equivalent Cramer
class. Usinga p5is a
conservative option.

The steatosis CAG compounds have been used in other deliverables within EuroMix (Crépet et al,
2018; Kennedy et al, 2019).

An initial run was performed with the uncertainty option switched off. As uncertainty runs can be
computationally intensive, this is useful as a first step to check all settings are appropriate and the
nominal run results are sensible. Following this, an uncertainty run was performed. Results from both
runs are compared below.

Results without uncertainty:

With uncertainty switched off, the point estimates from a nominal run use single imputed values for
missing hazard data and the derived probability of CAG inclusion for each compound.
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Figure 6: Histogram plot of P(CAG) probabilities of CAG membership for the 100 substances, using a default
prior probability of 0.5 (left panel) or 0.252 (right panel)

The calculated probabilities for the 100 compounds are summarised in Figure 6. For the first exercise
the values seen in the left panel were used, based on a default prior probability of 0.5. calculated RPF
values are shown in Figure 7. Contributions to total exposure, by compound and by compound/food
are shown in Figure 8. The Observed Individual Means model percentiles are shown in Table 2. The
mean exposure is 0.426 (ug/kg bw/day).
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|
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Ethoprophos —
Dazomet

Endrin

Fipronil
Glyphosate
Sulfentrazone
Pentachlorophenal
Fluridene —
Diflufenzopyr
Bensulide
4-Chlorophenoxyacetic acid
Triflumizole
Spiroxamine
Quinmerac —
Picoxystrobin
Penoxsulam —
Methoxychlor
Methamidophos
Metaflumizone
Kresoxim-methyl
Imazagquin
Heptachlor
Fluoxastrobin
Fenoxaprop-P
Fenamiphos (aka phenamiphos) —
Dedine
Dichlorprop
Cyanamide
Sethoxydim
Carboxin —
Azimsulfuron
Atrazine

Dieldrin
Acibenzolar-5-methyl (benzothiadiazole)
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Bromadiolone -
Prothioconazole-desthio -
Amines, C10-16-alkyldimethyl, N-oxides -
Tetrakis(hydroxymethyl)phosphonium sulfate
Metolachlor -

Oxadiargyl
Trifloxysulfuron-sodium
2-Chloroethanol
Mesotrione

Metalaxyl-M -

Mecoprop-P -

Mecoprop (RD)
Formetanate hydrochloride
Boric acid

Benzoic acid

Chlormequat - chloride
S-Metolachlor

Aluminium phosphide -
Flufenoxuron

Abamectin (RD)

Diclofop (RD)

Tralkoxydim -

Hexaconazole

Benfluralin -

Flusilazole -

Teflubenzuron -

Iprovalicarb —

Triadimefon and triadimenol (RD)
Bifenazate -

Emamectin benzoate |
Dithiocarbamates (RD)
Deltamethrin -

Flutriafol

Bromuconazole
Thiacloprid

Proquinazid -

Amitrole (aminotriazole) -




Flufenacet -
Fenbuconazole
Dichlorvos

Tetraconazole

Pinoxaden

S-Abscisic acid
Flubendiamide -

Dicofol

Clofentezine

Fluazifop -

Lufenuron —

Ipconazole -

Cypermethrin (RD)
Isoxaflutole

Paclobutrazol -
Cyproconazole -
Carbendazim and benomyl -
Benthiavalicarb -
Formetanate (RD)

Phenol

Fluopyram -
1-Naphthylacetic acid (1-NAA) -
Bromopropylate

Phosmet

Imazalil (aka enilconazole)
Fluazinam -

Fenarimol

DDT (RD)

Cyflufenamid -

Figure 7: RPFs including imputed RPFs for 50 of the compounds — nominal run
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Contribution to total exposure distribution for substances Contribution to total exposure distribution for foods as measured x compounds (MSCC)
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Metolachlar
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Figure 8: Main risk drivers by substance and by food/substance combination (risk drivers) in total exposure
distribution — nominal run

Table 2: OIM percentiles of exposure

Percentage | Exposure (ug/kg bw/day)
50 0.24

90 0.76

95 1.15

99 3.54

99.9 11.89

99.99 24.93

It is interesting that benzoic acid emerges as a main risk driver, because the probability of CAG
membership is below 0.001. By retaining this compound, the other values relevant to the exposure
calculation have dramatically increased its influence. For example, the RPF is 2.65, the number of
individuals exposed is 1645 (95.6%) and the mean exposure for all individuals is 90.11 ug/kg bw/day.
By comparison, the second most influential compound is imazalil, with mean exposure 0.76 pg/kg
bw/day, 1724 individuals exposed (100%), RPF = 0.1325, p(CAG) = 0.976. Therefore, the low
membership probability of benzoic acid is more than compensated for by the higher exposure values
and RPF.

Results with uncertainty:

The retain step is to quantify uncertainties about the contributions to risk from individual
compounds. The idea is to assess which of these 100 should be targeted in any refinement given the
qguantified effect of the uncertainties. Therefore, as a more complex run the same options and
compounds were used but uncertainty was included with 50 separate realisations. Point of departure
information was missing from 50 of these compounds, so these values were imputed and resampled
in the calculation of RPFs. Compounds were independently simulated as being included or excluded
from each iteration according to their membership probabilities (Figure 6, left panel).
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Figure 9: RPFs including imputed RPFs for 50 of the compounds — uncertainty run, including p2.5 and p97.5

uncertainty intervals for each compound

In Figure 9 we see the effect of uncertainties on the simulated RPF values of those 50 compounds
with missing hazard data. Note that many of the distributions give probability to lower values than
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those imputed in the nominal run (including the RPF value for benzoic acid: nominal value 2.65,
interval 9.28E-05 — 5.41). The main risk drivers seen in Figure 10 are almost identical to the nominal
run, but this is mainly because these summaries are based on the mean exposures per compound. To
investigate the impact of uncertainty per compound, we can examine the output table of exposures.
In this example, the compounds with the highest contribution in the nominal run also have the
widest uncertainty intervals

Benzoic acid (0 - 70.8)
Imazalil (17.7 — 70.8)
Dodine (0 —22.1)
Kresoxim-methyl (0 — 18.4)

but there are also cases in which, due to uncertainty, compounds may have higher priority than the
nominal run suggests. For example,

Metolachlor: Mean contribution = 0.42 %, p97.5=13.26 %
Prothioconazole-desthio: Mean contribution = 0.4 %, p97.5 = 8.16 %

Contribution to total exposure distribution for substances Contribution to total exposure distribution for foods as measured x compounds (M5CC)

I encoic acid I 129267 unselected SCCs
I imaziil (aka enilconazols) Benzoic acid Sof: crinks
Dadine Banzoic acid Mangoes (Mangifera indica
I rescim-methyl I Benzoic acid Dressing
Triadimefan and trizdimanal (RD} Others Others
Cypermathin (RD) Banzoic acd Soft drink, flavoured
I Dcitamethrin _‘__-‘m I rzoic acid Condiment
Spircxamine g Benzoic acid Tomato ketchup
Trifloxysulfuran-sodium Banzoic acd Fruit. canned
I Cxaciargyl
I iz, C10-16-alkyldimathyl, N-ovides
Mesotriona
I V< tolachior

I prothiccanazole-desthio
Flufenciuron
athers (n=85)

Figure 10: Main risk drivers by substance and by food/substance combination (risk drivers) in total exposure
distribution — uncertainty run

The Observed Individual Means model percentiles are shown in Table 3. The mean exposure is 0.425
(ug/kg bw/day) and the uncertainty interval for the mean is 0.1365 — 0.58 (ug/kg bw/day). From
Table 3 we see that for the 99.99% exposure the upper bound uncertainty is around twice the
exposure for the nominal run. For other percentiles the uncertainty has more limited impact (see
also Figure 11).
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Table 3: OIM percentiles of exposure — uncertainty run

Percentage | Exposure (ug/kg bw/day) | Median Lower bound (p2,5) | Upper bound
(p50) (p97,5)

50 0.24 0.10 0.07 0.26

90 0.76 0.39 0.34 1.03

95 1.13 0.49 0.43 1.67

99 3.54 0.82 0.64 4.43

99.9 11.90 1.14 0.93 16.74

99.99 24.94 1.38 1.00 50.39

Uncertainty of percentiles

-]

exposure (pglkg bw/day)

o ~ - = I 4

p50,00 p90,00 95,00 p99,00 p99,90 p99,.99
percentage (%)

Figure 11: Uncertainty in exposure percentiles

4.2.The Refine step

For a subsequent refine step, focus should be on the most likely main contributors to overall risk,
taking account of the quantified uncertainty, which in this case is uncertain group membership and
uncertain hazard. For the compounds that require refinement, for example, the NOAELs might be
replaced with BMD values derived from dose-response modelling, or replacing imputed values with
compound-specific values. This involves changing settings in the Target Hazard Doses module and
ensuring the necessary data are included in the input files for these substances. In the current
example, a more appropriate refinement is to focus on benzoic acid, which appears to be the most
important contributor to dietary exposure based on the imputed hazard data.

The following (nominal run, without uncertainty) results were obtained after adding a single line of
data to the HazardDoses.xlIsx, to specify this new NOAEL information for benzoic acid. The calculated
RPF was reduced from 2.65 to 0.00014 which dramatically reduced the relative contribution of
benzoic acid to the exposures. Benzoic acid no longer appears in the list of main contributors and the
overall exposure estimates are reduced (Table 4).
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Figure 12. Main risk drivers by substance and by foods (as measured) in total exposure distribution — nominal
run

The mean exposure is reduced from 0.426 to 0.282 (ug/kg bw/day). The percentiles are also reduced,
although this is most evident for the higher percentiles.

Table 4: OIM percentiles of exposure

Percentage | Exposure (ug/kg bw/day)
50 0.206

90 0.5945

95 0.7396

99 1.085

99.9 2.164

99.99 5.057

4.3. Sensitivity analysis

As described above, different tiers can be used in the exposure and hazard assessment, and it is
often necessary to use default parameters when data are missing. The retain and refine approach
might lead to surprising results as illustrated in the worked example of Section 4, where benzoic acid
emerged as an important contribution to total risk even though it had such a low probability of CAG
membership. When this happens, the factors that lead to high exposure or hazard should be
considered more carefully (the refine step) as illustrated in Section 4.2. When there is not such an
obvious refinement to pursue, a relatively simple initial approach is to generate some new model
runs with plausible alternative default values. This can help identify which of the possible defaults
should be targeted first in the refinement. As an example, a prior distribution of 0.252 was used in
the Bayesian probabilistic model for CAG membership instead of 0.5. The probability of CAG
membership for Benzoic acid was reduced from 0.000975 to 0.000329.

Next, the Munro P5 imputation method for missing hazard data was replaced by the Munro unbiased
method (see Section 2.3) so that a central value was used instead of the 5 percentile value within
the Cramer class of compounds. For benzoic acid the RPF was reduced from 2.65 to 1.05 as a result.
These changes result in a reduced contribution from benzoic acid relative to imazalil (Figure 13).
However, benzoic acid remains one of the most important contributors, therefore stronger evidence

35



should be collected on its likely contribution to the effect, its toxicity or its exposure levels. Reducing
the prior probability of group membership further to 0.084 reduced the contribution of benzoic acid
further to 6.5% (figures not shown). Even with these alternative default prior options, benzoic acid
remains one of the most important contributions to the estimated exposure. As seen in Section 4.2, a
more substantial change in the estimation is available when the refined NOAEL is used for benzoic
acid.

Contribution to total exposure distribution for substances Contribution to total exposure distribution for substances

I izl (aka enilconazale)
Benzoic acid
Triadimefon and triadimencal (RD)
I Cypermethrin (RD)
Deltamethrin
Kresoxim-methyl

I imazaiil (aka enilconazole)
Benzoic acid
Triadimefon and triadimencl (RD)
I Cyp=rmethrin (RD)
Dehtamethrin
Dodine

I cresoxim-methyi I oodine
Mesotriona Mesorions
Spiroxamine Spiroxamine
I Flufenoxuron I Flufenaxuron
I Dithiocarbamates (RD) I Fiproril
Oxadiargyl Amines, C10-16-alkyldimethyl, N-oxides
I Fipeonil I Trifioxysuifuron-sodium
I mines, C10-16-alkyldimethyl, N-oxic I Cadiargyl

Trifloxysulfuron-sodium
others (n=25)

Fluopyram
others (n=85)

Figure 13. Contribution by substances under alternative model assumptions (left: Munro unbiased
imputation; right: Munro unbiased and p = 0.252) — nominal run

5. Discussion and Conclusions

The purpose of this report is to highlight the need to quantify uncertainty in any risk assessment
associated with chemical mixtures, and to retain as many compounds as possible during the initial
analysis, rather than excluding them. If compounds are excluded it is unknown how protective the
resulting regulations might be, so where possible a more rigorous approach is proposed.

We have described the concept of retain and refine, in which iterative refinement is targeted on
those compounds for which the contribution to the risk may be greatest, when accounting for
uncertainty. This is consistent with the tiered approach to risk assessment more generally and can
provide a detailed and transparent treatment of uncertainty as proposed in the guidance of EFSA
(2018a). As explained throughout, there are many challenges in implementing retain and refine,
mainly due to limited information when considering very large sets of substances across different
regulatory silos, e.g. PPP, veterinary medicines, environmental contaminants, packaging migrants
and consumer products. Some of the practical difficulties associated with retain and refine have been
discussed and practical solutions have been suggested, based on experience within the EuroMix
project. The worked example illustrates how the EuroMix toolbox implemented in MCRA already
includes the necessary functionality to conduct a retain and refine analysis with some of the
uncertainties included. The software has been designed to allow for many more modules to include
uncertainty, so that retain and refine methods can be developed further in future.

Some of the simple assumptions underlying the model to calculate probabilities of CAG inclusion
(Section 2.1) are convenient in practice but may be questioned. Independence of the QSAR models is
unlikely because data are difficult to obtain and therefore QSARs are often built using some shared
data. (See also Section 4.2 of Rorije et al, 2013). The specificity and sensitivity approximations are
based on a limited set of training data for compounds known to be real positives/negatives for the
steatosis CAG. Sampling uncertainty due to the small sample and questions about whether the
compounds really contribute to steatosis are not quantified. Future work could be to investigate
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these in more detail if it is possible to obtain more information about real effects for the listed
compounds and/or better QSAR models specifically for steatosis. Expert opinion may be included as
part of the improved information, but is difficult to arrange in practice. The prior probability of
steatosis for each individual compound in our example was selected using a default assumption. It
was assigned a fixed value of 0.5. This too should be refined if the method is used for real risk
assessment. For example, an alternative value of 79/327 = 0.264 could be used as this is the
proportion of steatotic compounds from an earlier set of tested compounds. Trying alternative
plausible values can be used to investigate how robust the final results are to the selected prior, as
illustrated in Section 4.3. If it makes a substantial difference, then more effort should be allocated to
obtain a prior to reflect the true state of knowledge as accurately as possible. Ongoing work to
address questions of this type includes work of EFSA, e.g. EFSA (2018c).

Input and output bias

A related concept that has been considered within Euromix is that bias in input values typically leads
to bias in the outputs of interest. In the same way that uncertainty is propagated through the chain
of calculations during retain and refine, it could be useful to develop a practical method to estimate
the impact of individual sources of input bias on the risk outputs. Some preliminary work has been
carried out, but this is not currently implemented in the Euromix toolbox. An example is provided in
Appendix |

Uncertainties about how effects combine (CAG levels 3 and 4)

Ideally, the combined effects of chemical mixtures might be modelled mechanistically, i.e. by
guantifying the mechanisms of action for multiple chemicals in sufficient detail to predict their
combined effect. This is impractical for the number of chemicals that need to be assessed for
regulatory purposes.

Dose addition, independent action, response addition, synergism and antagonism are empirical
models describing different ways in which chemicals may combine in mixture experiments. As noted
earlier, available data suggest that dose addition generally provides a better description of combined
effects and, in other cases, is conservative.

There are several possible options for quantifying uncertainty about the combined effect of a group
of chemicals, which all cause the same effect but have not been tested as a mixture. One option is to
take dose addition as a general model for all mixtures, as proposed by EFSA, but in addition specify a
distribution quantifying uncertainty about the extent to which the actual mixture effect will deviate
from precise dose addition. In this case, response addition, synergism and antagonism are not
modelled explicitly but treated as deviations from dose addition. This approach is simple, requiring
only a distribution for deviations from dose addition. A general distribution for deviations might be
derived by analysis or expert judgement from data on deviations from dose addition in the literature.
However, it is not obvious how this could be combined with mechanistic information, which is also
relevant for predicting how chemicals combine.

A second option is to specify a probability quantifying uncertainty about whether dose addition or
response addition better describes the combined effect of a group of chemicals, and then specify two
separate distributions quantifying uncertainty about deviations from precise dose addition or
response addition (again including deviations that might be large enough to be considered as
antagonism or synergism). A potential advantage of this option is that it results in a model structure
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that aligns with the sources of evidence available to inform the required parameters. Information on
similarity of mechanism of action can inform expert judgements of the probability of the mixture
effect being better described by dose addition than response addition, while results from historical
mixture experiments can be used to inform distributions for deviations from dose or response
addition, either by statistical analysis or expert judgement. However, there are two severe obstacles
to this approach. First, probabilities are required for every possible combination of the chemicals
being considered, which in most cases will amount to an impractically large number of probabilities
to assess. Second, the approach requires a specific model for response addition; a common model
might be proposed for all combinations, since deviations from it will be quantified, but it may be
difficult to decide what that common model should be.

A third option is a combination of the first two: use the first option, dose addition with deviations, for
most of the possible combinations of chemicals; and the second option only for those combinations
where there is sufficient mechanistic knowledge to specify a plausible alternative model, assess the
probability it provides a better description than dose addition, and specify a distribution for
deviations from the alternative model®. This option has the twin advantages of avoiding the need to
assess an impractical number of combinations individually, while enabling mechanistic knowledge to
be used where it is informative.

It is suggested that assessors use either the first option described above or, when they have
sufficient mechanistic knowledge, the third option (which is a combination of the first and second).
How the alternative options would be implemented in cumulative risk assessment calculations,
together with possibilities to incorporate mechanistic information when it is available, will be
considered in a separate paper (Hart, in prep).
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Appendix |. Bias as component of variability and uncertainty

In population risk assessment input data may be biased or unbiased. Biased (conservative) values are
often used with the intention to provide an appropriate level of protection. Biased inputs will
typically lead to biased outputs (e.g. exposures, health-based guidance values or target margins of
exposure).

In qualitative uncertainty assessments it is common to estimate the degree of bias together with the
degree of uncertainty in an ordinal way (e.g. between --- and +++). It would be better 1) to
disentangle bias and variation, and 2) to provide quantitative estimates.

Alternatively, the uncertainty distribution of data (input or output), can be expressed at an
appropriate scale (e.g. logarithmic), by

1) the expected biasA =X — E(X)

2) the distribution Fg, around E(X), for example a normal distribution N (0, a2)

The aim is to estimate the bias of the output data from each calculator based on the biases specified
for the input data. This should be simple: in principle a parallel run of the calculator can be made
with bias-corrected inputs (faster short-cuts may be possible). Pragmatically, datasets would by
default be assumed to be unbiased, but in certain tiers (e.g. TTC, IESTI) automatically labelled to be
‘conservative’. For those cases, the risk assessor would be urged (but not obliged) to assess the bias.
If no bias is provided for a ‘conservative’ dataset, the corresponding entity will appear in an
uncertainty table as part of the final output of the risk assessment to remind the risk assessor of the
unquantified biases.

In practice, the bias may be known or unknown, and it may be related to intended conservativeness
or not. Intended conservativeness can relate to

a) variability, i.e. the wish to protect P% of a population, or

b) uncertainty, i.e. the wish to be reasonably certain to be on the safe side, or

¢) both variability and uncertainty.

The proposal is to characterise the bias component of uncertainty with the bias estimate itself (at an
appropriate scale), and/or additionally with the intended levels of protection (LOPs). Levels of
protection may be the LOP, (level of protection for variability) and/or the LOP, (level of protection
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for uncertainty). As usual in uncertainty assessments, estimates can come from data or from expert
opinions.

The LOPs can be converted to estimated bias (or vice versa) if the appropriate distributions are
known (or can be estimated). For entities with only variability this is the distribution Fy (x; 6,,), for
entities with only uncertainty it is the distribution Fy (x; 8,,), for entities with both variability and
uncertainty two distributions are relevant, Fy(x; 6,,) and Fg_(0,; 6,,).

Table 3 shows four examples of entities and the corresponding uncertainty specifications. For
simplicity, we assume in all cases that a normal distribution at the log scale is appropriate to
characterise the stochastic component of uncertainty.

Table 3. Examples of specifying the bias and variance components of uncertainty.

value LOP, A, LOP, A, Fy,
body weight 70 kg 0.5 0 0.5 0 o2
(Large Portion) 120 g 0.975 Fy1(LOP,;6,) 0.5 0 o’
consumption
inter-species 10 0.5 0 0.9 Fy1(LOP,;6,) o2
factor
intra-species 10 0.95 Fy1(LOP,;6,) 0.975 Fg.'(LOP,; 6,) o2
factor

The first example is the mean body weight in a population of interest. The value provided (70 kg) is
considered to be an unbiased estimate. Likely the estimate for o2 will be small.

The second example is the Large Portion estimate of consumption of a food. At least conceptually it
is a high percentile (e.g. p97.5) in the population of consumptions. If the distribution of log-
consumption would be a normal distribution with SD 0.2, then the bias could be characterised by
In(120) — 2 - 0.2 = In(80), or an overestimation factor% = 1.5. Likely the estimate for ¢ will
again be small.

The third example is the inter-species factor used when a rat study is used for human health risk
assessment. In the example the common value of 10 is used. This factor addresses average
differences between animals and humans in toxicological sensitivity. Variability is not involved in this
concept. Uncertainty has both bias and stochastic components. An example can be found in Bokkers
& Slob (2007) and van der Voet et al. (2009). Typically, there is no prior reason to expect different
sensitivities between animals and humans apart from allometric scaling, so an unbiased estimate
could be a value based on allometric scaling, for example an allometric scaling factor 5.13 based on
rat body weight (300 g), human body weight (70 kg) and a power 0.7. For uncertainty a geometric
standard deviation (GSD) 2.05 (or, equivalently, 62 = [In(2.05)]? = 0.52) was derived from an
assumed GSD = 2 for toxicodynamic and toxicokinetic uncertainty and an uncertainty in the power

0.7 described by a 95% interval 0.65-0.75. The default factor of 10 is then a factor % = 1.95 higher,

% = 1.3 standard deviations higher than the unbiased value, corresponding to a LOP

of around 0.9.

The fourth example is the intra-species factor used to extrapolate from the ‘average human’ to the
‘sensitive human’. In the example this is again set to the common value 10. This example involves
both a bias component for variability (the sensitive human w.r.t. the average human) and an
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allowance for uncertainty. In Appendix A2 of van der Voet et al. (2009) a proposal was made how this
can be modelled, based on a specification of the type: P95-sensitive individuals are between
EFintra,pes,p2.5 (€.8. 2) @and EFnra pos p97.5 (€.8. 10) times more sensitive than the average human. In this
example 8, would be the variance of the lognormal variability distribution, and 8,, the degrees of
freedom of a chi-square distribution describing the uncertainty of 9,,.
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