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assessment of the environmental impacts of pesticides’
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ECOLOGICAL RISK ASSESSMENT OF PESTICIDES?

Version 6, 11 May 2005

THIS IS THE FIRST PUBLIC VERSION OF THIS DOCUMENT
PLEASE HELP US TO IMPROVE IT
BY PROVIDING FEEDBACK AND COMMENTS VIA THE EUFRAM WEBSITE

www.eufram.com

Feedback can be provided in 3 ways:

« Comments on EUFRAM’s Provisional Conclusions. These are highlighted in
boxes in the text and humbered PC1-PC9

+ Responses to Questions highlighted in the text, numbered Q1-Q3
« Comments on any other part of the document, by line number

Please submit comments using the feedback database at www.eufram.com

' EUFRAM is supported by European Commission’s 5" Framework Programme (www.cordis.Iu), contract number
QLK5 - CT 2002 01346. Further information and news about EUFRAM and downloads of this and other project
documents are available at www.eufram.com.

2 This document is the responsibility of its publishers and does not represent the views of the European
Commission or its services.
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1 SUMMARY

Directive 91/414/EEC requires that if a plant protection product® fails to pass
preliminary, first-tier assessment criteria for environmental risk, then it may not be
authorised for use unless an “appropriate risk assessment” shows that it will cause
no unacceptable impact. Various options for these refined, higher tier risk
assessments are identified in existing EU Guidance Documents, including
probabilistic approaches. Until now, however, probabilistic approaches have gained
only limited acceptance, partly due to a lack of guidance on how to implement and
evaluate them.

Therefore, this draft document aims to provide a framework of basic concepts,
principles and methods that will help users to conduct, report, evaluate and
communicate probabilistic assessments in appropriate ways. It is aimed
primarily at risk assessors in government, industry and consultancy
companies. Volumes 2 and 3 provide more detail and worked examples (case
studies). The three volumes are being developed by the EUFRAM project, an EU-
funded concerted action involving 29 organisations including regulatory authorities,
government research institutes, agro-chemical companies, consultancy companies
and universities.

EUFRAM does not have a formal status in relation to Directive 91/414/EEC, so
this document should not be regarded as formal guidance. It will be refined and
revised to take account of feedback from all interested parties, including two
workshops scheduled for October 2005 and July 2006°.

The defining feature of probabilistic risk assessments is that they quantify
variability and/or uncertainty. Potential benefits of quantifying variability include:

» Increased realism, representing real-world variation in factors that influence risk

e The opportunity to replace or refine worst-case assumptions

» Provides an alternative to conducting higher tier laboratory or field studies

o Makes more use of the available data.

Potential benefits of quantifying uncertainty include:

e Provides an objective basis for discussions about reducing uncertainty factors
(e.g. the TER thresholds of 10 and 100) when additional data is provided

» Indicates the influence of quantified uncertainties on the assessment outcome

e May help increase the cost-effectiveness of higher tier studies by targeting them
on major sources of uncertainty.

Almost all current approaches for first-tier environmental risk assessment under
Directive 91/414/EEC already incorporate some probabilistic elements, e.g. the use
of a 90" percentile estimate for spray drift. After considering their strengths and
weaknesses, EUFRAM concludes that there is scope for deploying probabilistic
approaches to a greater extent, as one of several alternatives for higher-tier
assessment. They can be applied either to exposure assessment, or effects
assessment, or both.

% Plant protection product is the formal term for pesticides, safeners and plant growth regulators that are within the
scope of Directive 91/414/EEC. For simplicity, the word “pesticide” is used in this document to cover all types of
plant protection product.

* See www.eufram.com for details of the EUFRAM project and workshops.
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The main steps of a probabilistic assessment are as follows:

1.

10.

11.

12.

Define the assessment objectives. The objectives should reflect as closely as
possible the information needs and protection goals of decision-makers. They
should define the pesticide use, non-target organisms and types of effects to be
considered, what types of variation are of interest, and whether confidence
intervals are required with the outputs.

Define the assessment endpoint, that is, the primary output of the probabilistic
assessment. In particular, define what measure to use for the magnitude of
hazard, exposure or risk, for what ensemble or group of entities (e.g. species or
community) it should be estimated. It is essential to ensure that these choices
provide an output that will be meaningful and relevant to decision-makers.

Identify the key factors and mechanisms that influence the effect that is to be
assessed, and how they interact, and develop an assessment model to represent
them.

Consider each part of the model in turn, and decide which factors and
mechanisms might contribute significantly to variability in the assessment
endpoint. These will be represented by distributions in the assessment model.

For each input variable, identify the appropriate ensemble. This depends on
the ensemble of the assessment endpoint and the model structure. For example,
if the output is frequency of effects in an ensemble of water bodies, then the
appropriate ensemble for exposure is concentrations for different water bodies.

Identify what data are available that can help in quantifying each factor and
mechanism, including distributions for those that will be treated as variables.

Decide whether any extrapolations or adjustments are needed to model the
key factors and mechanisms from the available data, e.g. to account for lab-to-
field extrapolation or non-random sampling. If adjustment or extrapolation factors
are required, then they should be identified as part of the assessment model.

Consider each part of the model in turn to identify possible sources of
uncertainty. Decide which uncertainties might contribute significantly to
uncertainty in the assessment endpoint, and which of these will be quantified
using distributions (if any). Decide what to do about important uncertainties that
cannot or will not be quantified (e.g. use conservative values).

Consider carefully for each input distribution whether it should be treated as
contributing uncertainty or variability to the assessment output.

Identify potential dependencies affecting the assessment. Dependencies occur
where the value of one variable depends upon the value of another variable (e.g.
food intake may be positively related to body weight) and can have a major
impact on the assessment outcome.

Express the entire assessment model as a set of mathematical equations, so that
they can be used for calculations.

Select appropriate computational or graphical methods for combining the
input distributions to obtain the assessment output. This choice will depend on
various factors including the number of input distributions, whether a confidence
interval is required for the output, the approaches that will be used to handle
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uncertainties and dependencies, and ease of use. More specific
recommendations will be developed during the remainder of the project.

13. Specify distributions for the input variables. This requires expertise in
statistics as well as expert knowledge of each variable and how it relates to the
assessment output.

14. Consider conducting sensitivity analyses. These may help in various ways,
e.g. in deciding which sources of variation and uncertainty should be quantified.

15. Select appropriate software to carry out the computations and generate
outputs. EUFRAM has defined desirable characteristics for probabilistic software
and databases. Existing tools meet these criteria to a limited extent and can be
used for some types of pesticide assessment, but further development is highly
desirable.

16. Check the outputs of the probabilistic assessment and consider their
implications for decision-making. This will have to be done case-by-case, as
for other refined assessments, unless standard criteria for decision-making are
established.

Probabilistic methods can produce many different types of output. Consultations with
EUFRAM end-users indicate a desire to facilitate communication by adopting a single
format as standard. EUFRAM provisionally recommends cumulative
distributions (with confidence intervals if required) as a preferred choice for
the primary output of probabilistic assessments. Cumulative distributions can be
used to represent three basic dimensions of risk: magnitude, frequency and
uncertainty (e.g. Figure 1). The x-axis shows the magnitude of hazard, exposure or
risk (how bad), the y-axis shows the frequency (how often), and the confidence
intervals show uncertainty (how sure). It can be used to read off the frequency of
effects below (or above) any given magnitude, together with confidence intervals if
required. Different measures of magnitude and frequency can be used, according to
the needs of the assessment. For example, one possible output for an aquatic
assessment might be the percentage of water bodies (frequency) with more than 5%
of species affected (magnitude). One possible output for an avian assessment might
be the percentage of individual skylarks (frequency) that have toxicity-exposure ratios
less than 10 (magnitude). In addition, quantitative results should always be
accompanied with a written statement, expressing and interpreting them in language
that can be understood by non-specialists.

It is never possible to quantify all sources of uncertainty and variability in an
assessment, but quantifying a few may be sufficient to reach a regulatory decision.
However, the quantitative output of an assessment should always be accompanied
by a list of unquantified sources of variability, uncertainty and dependency, and
a qualitative assessment of their potential influence on the assessment endpoint.

The results of probabilistic assessments should be considered together with
conventional deterministic results and other lines of evidence (e.g. field studies
or monitoring), to arrive at overall conclusions. This may include consideration of the
wider ecological consequences of predicted impacts (e.g. extrapolation from
effects on individual organisms to consequences for the wider population).
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The formal report of a probabilistic assessment should document and justify the
methods, results and conclusions clearly and concisely, but in sufficient detail to
enable critical evaluation of all stages by other specialists (e.g. peer reviewers). It
should include an executive summary, communicating the main points required for
decision-making. Sufficient background information for other specialists to duplicate
the assessment should be provided in appendices.

Effective communication is essential if probabilistic approaches are to be
accepted. Different approaches are required when communicating to different
audiences, e.g. technical specialists, decision-makers and the public. The format of
graphical, tabular and textual outputs needs careful and detailed consideration, to
maximise their effectiveness. Provisional recommendations in this document will be
refined in the light of further experience and feedback as EUFRAM progresses.

Validation is possible only to a limited extent for both deterministic and probabilistic
approaches. Consequently, thorough peer review by relevant technical experts will
be a key requirement for the acceptance of new approaches, and for the acceptance
of individual probabilistic assessments.

Probabilistic approaches are still evolving and it would be premature to attempt
harmonisation at the present state of the art. Nevertheless, if a probabilistic
assessment has been conducted for one pesticide and accepted by the relevant
authorities, then much of the approach may be directly transferable to other, similar
pesticides with similar use patterns. This transferability of approaches opens the
possibility of establishing generic, peer-reviewed probabilistic approaches and
tools for scenarios that frequently require refined assessment under
91/414/EEC, analogous to the FOCUS models and scenarios for exposure
assessment. This would increase efficiency both for people conducting probabilistic
assessments, and also for people evaluating them. However, flexibility is important
and it should remain open for assessors and decision-makers to select other
approaches where appropriate.
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2 INTRODUCTION

2.1 Origin, purpose and status of this document

This draft document has been developed by an EU-funded “concerted action” project
called EUFRAM. The project consortium is listed in Annex 1 and comprises 29
organisations including regulatory authorities, government research institutes, agro-
chemical companies, consultancy companies and universities.

The overall aim of EUFRAM is to assist the implementation of probabilistic methods
for assessing the environmental risks of plant protection products in Europe. The
main outputs are being developed as a report in 3 volumes:

e Volume 1 (this document) — a framework of basic principles and methods for
probabilistic assessment, together with summaries of selected examples,

e Volume 2 - eight chapters providing more detail on selected aspects of
probabilistic approaches,

e Volume 3 — detailed case studies developed or evaluated during the project.

These documents are aimed primarily at potential users and evaluators of
probabilistic approaches in government, industry and consultancy companies. The
ultimate objective is to provide a framework of basic concepts, principles and
methods that will help users to conduct, report, evaluate and communicate
probabilistic assessments in appropriate ways.

The framework will be refined and revised as the EUFRAM project progresses. Early
drafts aim to help potential users explore the range of probabilistic approaches and
evaluate their usefulness for pesticide assessments. Users are encouraged to
provide feedback via the EUFRAM website and via 2 workshops in October 2005 and
July 2006 (see www.eufram.com for details). The feedback will help EUFRAM
partners to refine the documents and identify which approaches are most promising.
It is hoped that the final version of the framework at the end of the EUFRAM project
(December 2006) will assist in the implementation of probabilistic approaches within
the context of European pesticide authorisation.

EUFRAM does not have a formal status in relation to Directive 91/414/EEC, so
this document should not be regarded as formal guidance. It is currently in an
early draft form so later versions may change substantially.

2.2 What is probabilistic risk assessment?
EUFRAM defines probabilistic risk assessment as:

Risk assessments that use probabilities or probability distributions to
quantify one or more sources of variability and/or uncertainty in
exposure and/or effects and the resulting risk.

This definition itself contains several terms that require definition.

Variability is defined as Real variation in factors that influence risk. For example,
toxicity varies between species, and exposure varies in time and space. Variability

EUFRAM Deliverable D1-4-3 7
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matters because risk assessment usually needs to address a range of relevant
species and exposures, not just one particular species and one exposure.

Uncertainty is defined as Limitations in knowledge about factors that influence
risk. For example, there is uncertainty when we extrapolate toxicity from a small
number of tested species to other, untested species, and uncertainty when we
extrapolate from mathematical models of exposure to the real world. Uncertainty
matters because decision-makers and stakeholders need to know how different the
real impacts might be from the scientists’ best estimates.

An important practical difference between uncertainty and variability is that
uncertainty can often be reduced by obtaining further data, whereas variability can be
better quantified but not reduced by further data.

Probabilities can be used to quantify variability and/or uncertainty. The probability of
something can be defined as its frequency in repeated independent trials, or as the
degree of belief that it will occur, expressed as a proportion (i.e. a number between 0
and 1). For example, when tossing an unbiased coin, it is expected to land on
“heads” on 50% of occasions, so the probability of obtaining “heads” is 0.5. Similarly,
if you know or believe that half the people in a population are taller than 1.8m, then
you can express the probability of heights above this value as 0.5.

The most familiar form for a probability distribution is a graph showing the relative
probabilities of different values of a variable such as height. For example, Figure 2
shows the variation in height of participants at the first EUFRAM workshop in two
ways: as a histogram showing the raw frequencies (the number of participants in
particular height ranges), and as a curve showing a “Normal” distribution® fitted to the
raw data. This curve is a “probability density function” (PDF) and shows the relative
frequency of occurrence for each point on the x-axis.

Histogram

AiEs of raw data

distribution

\ /

F 20

Probability density
sjuedionied WyH4N3 J0 JoquIny

LA N

1.5 1.6 1.7 1.8 1.9 20 241
Height (m)

Flgure 2. An example of a probabiity aistribution. variabiity m the heght of
participants ar the 17rst EUFFRAM workshop, /17 March 2005

So, probabilistic risk assessment uses probabilities and probability distributions to
take account of variability and uncertainty in risk assessment. It can be applied to any

® The Normal distribution is a symmetrical, bell-shaped, theoretical distribution, which fits well to many biological
variables such as height and weight and can be defined mathematically by its mean and variance (or standard
deviation).
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type of risk calculation, including those already used for plant protection products
under Directive 91/414/EEC. The basic steps of a probabilistic assessment are:

» Define the objective of the assessment and decide what form of probability or
distribution is required for the assessment output;

» Identify one or more inputs to the risk assessment, for which variability and/or
uncertainty is to be considered, and quantify them using appropriate probabilities
or distributions;

o Use appropriate methods to combine the different input distributions and produce
the distribution for the assessment output, showing the variability and uncertainty
of the predicted impacts.

» Interpret and communicate the results.

In principle, distributions can be used to quantify variability and uncertainty for any
number of inputs to a risk assessment, and for any output of the assessment that
may be of interest to the decision-maker.

2.3 Deterministic methods
Deterministic methods are defined as:

Methods that use point estimates® to represent one or more factors in a
risk assessment and treat them as if they were fixed and precisely known.

Most risk assessments include at least some deterministic elements, but few are
wholly deterministic. This is because many of the point estimates that are used for
exposure and/or toxicity have in fact been derived from probabilistic calculations.

For example, the first tier aquatic assessment for spray drift under Directive
91/414/EEC estimates the TER for a scenario using the 90" percentile of a
distribution for spray drift; and the first tier avian assessment incorporates estimates
of residues on food items that are intended to be approximate 90" percentiles.
Assessments for most taxonomic groups use LC50, LD50 or EC50 measures of
toxicity, which are derived from probit curves representing variation in sensitivity
between individuals. Similarly, fixed uncertainty or assessment factors used in risk
assessment may be derived from quantitative analysis of uncertainties’. Of the first
tier assessments for ecological risk under Directive 91/414/EEC, perhaps only the
approach for soil micro-organisms is entirely deterministic.

Thus almost all assessments under 91/414/EEC already incorporate at least some
probabilistic elements. On the other hand, as will be seen later, it is practically
impossible to quantify absolutely every source of variability and uncertainty affecting
an assessment. In fact, most assessments are neither fully deterministic nor fully
probabilistic, but somewhere in between (Figure 3).

® Point estimates represent a measured or estimated quantity by a single number (e.g. the minimum, mean or
maximum value), rather than a distribution.

” For example, assessment factors for TERs are specified in Annex VI of Directive 91/414/EEC, although it is not
specified which uncertainties they address nor how they were derived.

EUFRAM Deliverable D1-4-3 9
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So the question is not whether to start doing probabilistic assessments, but whether it
may be helpful to include more probabilistic elements than we already do and — if so
—when and how to do it.

2.4 Proposed role of probabilistic methods under 91/414/EEC?

2.4.1 Compatibility with existing legislation and guidance

Probabilistic risk assessment is not mentioned in Directive 91/414/EEC or its
Annexes, but the “unless” clauses in Annex VI can be interpreted as providing the
possibility for probabilistic methods to be used. For example, in relation to aquatic
organisms Annex VI states that a plant protection product that fails the preliminary,
first-tier assessment shall not be authorised “unless it is clearly established through
an appropriate risk assessment that under field conditions no unacceptable impact
on the viability of exposed species occurs”. This opens the way for probabilistic
assessments at higher tiers of the assessment process if they are considered
“appropriate” by the responsible authorities. Furthermore, using distributions to
represent variation in exposure and toxicity can be regarded as one way to take
account of “field conditions” and “exposed species”.

Current EU Guidance Documents for both aquatic and terrestrial ecotoxicology state
that traditional deterministic assessment methods have limitations that could be
overcome by probabilistic approaches. The Aquatic Guidance Document (European
Commission, 2002a) states that probabilistic risk assessment is usually a tool for
higher-tier assessments and hence its suitability needs to be considered case-by-
case. The Terrestrial Guidance Document (European Commission, 2002b) states
that probabilistic methods are promising tools and already now there may be
situations where their use could be envisaged.

2.4.2 Potential benefits of probabilistic methods

Probabilistic approaches enable the risk assessor to quantify and account for some
major sources of variability and uncertainty affecting risk assessment.

8 Detailed discussion of the role and outputs of probabilistic methods can be found in Appendix 2, Work Package
3. Additional material comes from feedback received at the EUFRAM workshop in Brussels, March 2005.
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Potential benefits of quantifying variability include:

» Increased realism through representing more fully variation in the real world and
its influence on the risk

e The opportunity to replace worst-case assumptions with more realistic ones

 May be a more cost-effective option for refining the assessment than conducting
higher tier laboratory or field studies

» Makes more use of the available data (i.e. variances or individual data points).

Potential benefits of quantifying uncertainty include:

e Provides an objective basis for discussions about reducing uncertainty factors
(e.g. the TER thresholds of 10 and 100) when additional data is provided

e Provides an indication of the combined influence of the quantified uncertainties on
the assessment outcome

» By identifying major sources of uncertainty, it may help the targeting of higher tier
studies so as to maximise their cost-effectiveness in reducing uncertainty.

2.4.3 Potential weaknesses of probabilistic methods

The Aquatic and Terrestrial Guidance Documents (European Commission 2002a,b)
list some potential disadvantages of probabilistic approaches:

e Alack of reliable information for specifying distributions of many input parameters,

e Concerns about the validity of assumptions (e.g. representativeness of tested
species),

» The lack of common standard methods for the statistical calculations.

The EUPRA workshop gave a detailed analysis of potential disadvantages of
probabilistic methods (Table 1 in Hart, 2001), under the following headings:

Probabilistic methods are more complex,

Some probabilistic methods require more data,

Probabilistic approaches and outputs are difficult to communicate,
There is a risk of misleading results,

There is no established guidance on what outputs are required,
Validation of probabilistic methods is difficult.

EUPRA also provided a detailed list of recommended actions that could be taken to
address these potential disadvantages (Table 1 in Hart, 2001). These can be
summarised as:

e Develop a framework for the appropriate use of probabilistic methods in the
regulatory process, including key principles for how to conduct, report and
communicate probabilistic assessments,

Develop a set of case studies to illustrate the use of the framework,

Improve access to existing data,

Evaluate probabilistic approaches for limited datasets,

Validate probabilistic approaches, to the extent that is possible,

Provide training and expert advice,

Adopt standard computer software and databases.

EUFRAM includes activities aimed at progressing or facilitating all of these
recommended actions. The extent to which these actions are succeeding in
addressing the potential weaknesses of probabilistic methods, and what remains to

EUFRAM Deliverable D1-4-3 11



386
387

388
389
390
391
392
393
394
395
396
397
398
399

400
401

402
403

404
405
406
407
408
409
410

411
412
413
414
415
416

417
418
419

420

421
422
423
424
425
426
427

be done, will be reviewed at the remaining EUFRAM workshops in October 2005 and
July 2006.

Both EUPRA (Hart, 2001) and the Aquatic Guidance Document (European
Commission, 2002a) identify an additional potential difficulty: the lack of established
criteria for using probabilistic results in decision-making (e.g. what percentage of
species may be affected?). This is a very important issue but requires balancing
ecological risk against other relevant factors that are outside the scope of EUFRAM,
such as the benefits of pesticide use® and social and aesthetic considerations.
EUFRAM is trying to contribute by encouraging the use of probabilistic outputs that
are as relevant as possible to the concerns of decision-makers, but ultimately
decision criteria would need to be set by the responsible authorities in consultation
with other interested parties as appropriate. While such criteria are lacking, decisions
will have to be considered case-by-case, as is already done for most other types of
refined assessment.

2.4.4 Provisional EUFRAM recommendations on the role of probabilistic
methods

Having considered the potential benefits and weaknesses of probabilistic
approaches, the EUFRAM project proposes the following provisional conclusions:

PC1. EUFRAM provisionally concludes that there is scope for more use of
probabilistic approaches, as one of several alternatives for higher-tier refined
assessment. They can be used to investigate potential risks identified by
conventional lower-tier assessments, provided that the methods and assumptions
are fully documented and justified. They help to increase the realism of the
assessment and can be used in conjunction with other higher-tier approaches such
as additional ecotoxicity testing and refined exposure assessment.

PC2. It is not necessary or possible to quantify all sources of uncertainty and
variability. In some cases, a probabilistic assessment that quantifies only one
source of uncertainty or variability in either exposure or effects may be sufficient to
enable a regulatory decision to be reached, provided that other sources of
uncertainty and variability are adequately addressed in other ways (e.g. by the use of
appropriate assumptions).

NOTE: These conclusions are provisional and will be reviewed at future EUFRAM
workshops. Comments are welcome at any stage via the project website
www.eufram.com.

2.4.5 What types of output are required?

The type of outputs required can be considered at several levels. In this section,
EUFRAM proposes a general preference for the format of the immediate quantitative
outputs of probabilistic assessments. The particular form of this output required for
individual assessments should be specified case by case, as part of “problem
definition” (Section 3.2). The format and content of documents reporting probabilistic
assessments is discussed in Section 3.5, and strategies for communicating the
results to different audiences are discussed in Section 3.6.

° Note, however, that recital no. 9 in the opening part of Directive 91/414/EEC states that risk should take priority
over (i.e. be given more weight than) the objective of improving plant production.

EUFRAM Deliverable D1-4-3 12
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Probabilistic risk assessments in which the calculations are done with point values
derived from probability distributions will produce point values as the immediate
output. When presenting this type of output it is important to ensure that the user is
aware which point values were taken from each underlying distribution (e.g. 90"
percentile of spray drift distribution, EC50 from a toxicity test) as this affects the
conservatism of the assessment and should therefore be taken into account in
interpretation and decision-making.

Probabilistic risk assessments in which the calculations are done directly with
distributions will generally produce distributions for the outputs. Output distributions
could potentially be presented in several alternative formats. One possible strategy
would be to use different formats for different purposes, according to what is most
effective in each situation. However, feedback at the first EUFRAM workshop
suggests that using multiple graphical formats would be confusing and that it may be
better to standardise on a single graphical format for all purposes’.

Feedback at the first EUFRAM workshop suggested that the most popular choice for
a single graphical format would be the cumulative distribution function (CDF) showing
the magnitude and frequency of hazard, exposure or risk, together with confidence
intervals. A generalised example is shown in Figure 4. Outputs of this type can be
generated with existing software, although improvements are required. The proposal
to recommend this format is provisional and will be reviewed at the next EUFRAM
workshop.

100% 1
— Cumulative
distribution
5 80% - Confidence
c intervals
O
=2
g 60% -
e
'-g 40% 4
E
o -
3 20%
OO/O T T T 1
Low High

Magnitude

Flgure 4. Generansed example of a cumulative aistrribution runction (COF), fogether
with conriagence /ntervals. 7he y-axis SHows the rrequency withh which1 the magniivae
of hazara, exposure or r1sk /18 /ess than any vamwe on e x-ax/is. 7he measure of
Nazara, exposure or 1’isk will vary 170/m assess/ment (o assess/mernt, as aopropriare.

The cumulative distribution function illustrated in Figure 4 can be understood in
several ways, ranging from informal to formal:

% 1t will generally be helpful to present the preferred graphical output together with non-graphical formats
including narrative text and tables (see later in this Section and also Section 3.6).

EUFRAM Deliverable D1-4-3 13



456
457
458
459
460
461

462
463
464
465

466
467

468
469
470

471
472
473
474
475

476
477
478
479
480

481
482
483

484
485
486

487
488

489
490

491
492
493
494

495
496

« Informally, the graph can be viewed as expressing three basic dimensions of risk:
magnitude, frequency and uncertainty. The x-axis shows magnitude (how bad),
the y-axis shows frequency (how often), and the confidence intervals show
uncertainty (how sure). For example, an aquatic assessment might estimate the
percentage of water bodies (how often) in which different proportions of species
are affected (how bad).

e The graph can be viewed as the result of stacking up all the estimated
magnitudes in ascending order, from lowest to highest, marking the y axis as
proportion of the ensemble of entities, and then adding a confidence interval at
each point on the curve.

e The y-axis shows the proportion of values less than or equal to any point on the x-
axis.

» The confidence intervals show a minimum estimate of the degree of uncertainty
about the true position of the CDF. The estimate is a minimum because it only
represents those uncertainties that have been quantified.

e Formally, the CDF is a function F(x) expressing the probability that a variable X
assumes a value less than or equal to some value x. It can be obtained from the
probability density function (PDF, e.g. Figure 2) by integrating the probability
density from the minimum value of X up to any value x, and is equal to the area
under the PDF curve from the minimum value of X up to any value x.

The CDF is a less familiar graphical format for a distribution than the histogram and
probability density function (PDF) shown in Figure 2, but it has two big advantages.
First, it is easy to read off the proportion of the population that is below any value x
(how bad), and second, it shows confidence intervals clearly, for each point on curve
(how sure).

EUFRAM envisages that probabilistic assessments for pesticides will generate
four main types of output using cumulative distributions, depending on the type
of question posed by the assessment objectives:

« A CDF for hazard (effects), of which the most familiar is a species sensitivity
distribution (SSD, Posthuma et al. 2002), showing variation in sensitivity between
species'’. This can be compared to a point estimate for exposure (e.g. Figure 5a).

« A CDF for exposure, showing variation of exposure, e.g. between water bodies.
This can be compared to a point estimate for effects (Figure 5b).

« Two CDFs, one for exposure and one for effects, so that they can be compared
with one another (Figure 5c).

e A single CDF for “risk” or impacts, which takes account of both exposure and
toxicity (Figure 5d). This can be used by decision-makers to make judgements
about the acceptability of the risk, or compared to standard decision criteria for
risk, if these have been established.

The x and y axes in Figure 5 show possible examples for measures of “magnitude”
and “frequency”. In practice, the measures of magnitude and frequency should be

" For SSDs, the measure of magnitude is sensitivity (in this case the no-effect concentration), and the measure of
frequency is the percentage of species with no-effect concentrations equal to or less than the x-axis value. Note
that for sensitivity, and also some other measures of magnitude (e.g. TER), low values indicate a greater hazard
or risk than high values.
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chosen to serve the objectives of the assessment as part of “problem definition” (see
Section 3.2). Presentational aspects (e.g. axis labelling and the use of tables and
other graphical formats to facilitate communication) are considered in section 3.6
(communicating results of probabilistic assessments).

An important limitation of probabilistic outputs is that they cannot quantify all sources
of variability and uncertainty. This is because (a) there are simply too many sources
of variability and uncertainty for it to be practical to quantify them all, and (b) many
uncertainties can only be assessed subjectively (e.g. by expert judgement) and are
difficult to quantify. Consequently there will always be some sources of variability and
uncertainty that are not accounted for in the quantitative output of a probabilistic
assessment. Therefore, the outputs of probabilistic assessments should include
a list of unquantified sources of variability and uncertainty, and a qualitative
evaluation of how they might affect the assessment outcome. Ideally, this should
also be done for deterministic assessments, to show which sources of uncertainty
and variation they cover (e.g. via worst-case assumptions or uncertainty factors) and
which they omit.

Even though conventional regulatory assessment already includes some probabilistic
inputs, introducing probabilistic outputs will be challenging. The EUFRAM project is
considering ways to facilitate this. One recommendation is that when a probabilistic
risk assessment is conducted, the results should be accompanied by
deterministic outputs. This will allow for comparison of techniques and outputs and
will also help regulators and other end-users to become familiar with the new
methodology whilst still working with the status quo. Another possibility is to consider
using distributions of toxicity-exposure ratios (TERs) as an output of probabilistic
assessments (see Section 3.2.2). However, case studies have shown that if
distributions of TERs are used, it is important to accompany them with a narrative
explaining their interpretation. In fact, this is a general requirement that is essential
for all types of probabilistic output: the quantitative outputs of probabilistic
assessments should always be accompanied by narrative text explaining their
interpretation.
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In summary, EUFRAM provisionally concludes that:

PC3. Probabilistic results for ecological risks of pesticides should generally be
presented as cumulative distribution functions (CDFs), together with
confidence intervals if required.

PC4. Probabilistic assessments for ecological risks of pesticides should
produce one or more of the following types of cumulative distribution as
output:

» Distributions for effects (e.g. a species sensitivity distribution), to be
compared with point estimates for exposure,

» Distributions for exposure, to be compared with point estimates for effects,

« Distributions for exposure and effects, plotted together on the same graph
to show the extent of overlap between them,

» Distributions for risk or impact (e.g. toxicity-exposure ratio or % species
affected), in which exposure and effects are combined.

PC5. Probabilistic assessments should include a list of unquantified sources of
variability and uncertainty, and a qualitative evaluation of how they might affect
the assessment outcome.

PC6. Probabilistic risk assessment should be accompanied whenever possible
by a deterministic assessment, for comparison.

PC7. The quantitative outputs of probabilistic assessments should always be
accompanied by narrative text explaining their interpretation and ecological
implications.

2.5 Validation of probabilistic methods

Validation is often cited as an important requirement for the acceptance of new

approaches for regulatory assessment. Modelling approaches such as those used in

probabilistic risk assessment can be subjected to several different types of validation

(European Commission, 2003), including:

o Conceptual validation — does the model structure accurately represent the
system?

» Validation of algorithms and software code — do the model equations properly
represent the conceptual model?

» Functional validation — does output from the model agree with independently-
obtained observations and measurements?

The first two types of validation rely largely on peer review by relevant experts,
whereas functional validation requires comparisons with independent data. Complete
functional validation of models is not possible, as they are necessarily simplifications
of the real world. Validation is especially challenging for probabilistic methods, as
they aim to predict variation in effects over a range of conditions, and also quantify
uncertainty. It would be necessary to obtain independent data for a wide range of
conditions, and repeat this for a range of different pesticides, in order to test the
predictions comprehensively. In practice, only partial functional validation is feasible,
for specific model components applied to particular combinations of pesticides and
environmental conditions.
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Existing examples of partial functional validation of probabilistic approaches for
pesticides have been reviewed by EUFRAM (Volume 2, Work Package 9). Existing
examples relate primarily to comparisons between species sensitivity distributions
(SSDs) for effects on aquatic organisms in laboratory and semi-field experiments
(mesocosms). One of the earliest examples is illustrated in Figure 6. In this case,
there was good agreement between laboratory and semi-field SSDs when both are
restricted to the same taxonomic group, however comparisons of this type exist for
only a limited number of pesticides.

The limited feasibility and high cost of functional validation increase the importance of
comprehensive peer review in evaluating probabilistic approaches for regulatory use.
The importance of peer review as means of establishing credibility of approaches for
regulatory risk assessment has also been emphasised by Suter et al. (1993).

PC8. Comprehensive peer review, together with functional validation where
possible, are important requirements for the acceptance of probabilistic
approaches.

100 °

80

60 -

40 -

20 - O Laboratory EC50s

® Mesocosm EC50s

0 T O T T T T 1
0.001 0.01 0.1 1 10 100 1000
EC50 (ug/L)

Cumulative % species affected

Flgure 6. Example of part/ial vanoation of an element ol probablliStic assess/ment.
Comparison betweern Spec/es sens/itivity aistributions 1or arthiropod specres basea orn
laborafory anad mesocosm (Semi-ela) experiments with chlonpyriros (aagplted rfrom
van aen Brinket al., 2002).

3 FRAMEWORK FOR PROBABILISTIC RISK ASSESSMENT

3.1 Interactions between risk assessors and decision-makers

Effective interaction and discussion between risk assessors, evaluators and decision-
makers is vital to ensure each probabilistic assessment meets the regulatory need
and to minimise waste of resources due to revision or rejection. Interaction is
especially important in the initial problem definition phase (section 3.2), and should
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be repeated if it becomes apparent later that the problem definition needs revision
(Figure 7). Interaction between technical experts and decision-makers is also
important at the end of the assessment, to facilitate interpretation and use of the

outputs.

Decision-maker
and risk assessor
agree assessment

objectives and

—>

Assessor plans
and implements
assessment and

Assessor
communicates
results to decision-
maker and advises
on interpretation of

Decision-maker
makes decision,
taking account of
other legitimate

type of output generates outputs . factors (e.g. social,
required ecological economic, etc.)
consequences

________________________________________________________________________________________________________________

Flgure 7. Simplified reoresentalion of iNe 118k aSSesSmentrisk management process.
mileraction betweern aec/s/ion-makers and risk assessors /may occur ar any pomt, but
/s especially imporiant in the first and third stages rllustrated”.

3.2 Problem definition

Each assessment should start with a process of problem definition to ensure it meets
the regulatory need. Problem definition should first define the assessment objectives,
then specify what form of probabilistic output will meet those objectives.

Problem definition is a vital step that may require substantial effort if the assessment
scenario is new. Effort will be saved if a similar assessment has been done
previously, or if a standardised problem definition has been established, but a check
should always be made to confirm that the problem definition is truly appropriate for
the issue under consideration.

3.2.1 Assessment objectives

The first step is to define the objectives and scope of the assessment, starting with

the basic elements that should already have been identified for the first-tier

assessment:

» Define the pesticide uses to be considered (crops, application rates, etc.)

» Define the non-target organisms to be considered.

» Define the types of effect to be considered (e.g. lethal, sublethal, etc.)

« Define the timescale of the assessment (often implied by the type of effect, e.g.
acute/chronic).

« Define the spatial boundaries of the assessment (e.g. regional, national, EU).

These choices should be made to reflect as closely as possible the protection goal
— what the decision-maker wants to protect, and what types of effect they wish to limit
or prevent. If it is too difficult to assess the types of effect that ultimately concern the
decision-maker, then the assessment can be directed at a simpler measure of effect
(e.g. acute toxicity-exposure ratio instead of population effects). However, if this is

'2 Note: in practice the situation is often more complex, e.g. there are multiple assessors and decision-makers,
and some individuals may undertake both roles, but the sequence of activities shown in Figure 6 is still applicable.
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done then it will be necessary to consider the relation between these two measures
of effect when interpreting the results (see section 3.4).

The purpose of probabilistic assessment is to quantify variation and/or uncertainty. It
is important to specify at the outset what types of variation are of interest. Possible
examples include variation in space or time, between individual organisms, or
between species. This decision will have a major impact on the structure of the
analysis and the types of data required. For example, data on variation in exposure
over time are required to quantify variation in risk over time.

It is important to specify in advance whether confidence intervals are required, as
this has substantial implications for assessment methodology (see section 3.4.2). It is
also helpful to agree in advance what level of confidence to show in the outputs'®,
and how the confidence intervals will be used in decision-making.

If the decision-maker is concerned about particular sources of variability and
uncertainty in the assessment inputs (e.g. species differences in toxicity), then it is
helpful to identify these as part of the problem definition. However, this should not
preclude additional sources being examined later, if it becomes apparent during the
assessment that they are important.

It is helpful if the decision-maker is able to specify in advance the decision criteria
that they might use in decision-making, e.g. critical levels for the toxicity-exposure
ratio or the percentage of species affected. This will enable the assessor to produce
results focussed on those criteria (e.g. probability of TER<10). However, this is not
essential and decision-makers often prefer not to commit to particular criteria.

Finally, any limitations on the scope of the assessment should be specified, e.g.
avian assessments are often limited to dietary routes of exposure.
3.2.2 Assessment endpoint

The next step is to define a form for the key probabilistic output that will address the
assessment objectives: we refer to this key output as the assessment endpoint. If
the assessment endpoint is to quantify variation in effects, exposure or risk, three
essential components must be defined'*:

« What measure to use for the magnitude of effects, exposure or risk?
« For what individual entities' will the magnitudes be estimated?

« For what ensemble or group of entities will frequencies be estimated?

The measure and entity together define the x-axis of a cumulative distribution for the
output (magnitude), while the entities and ensemble together define the y-axis
(frequency). This is illustrated in Figure 8. The curve simply shows the variation in
effects, exposure or risk between the entities in the ensembile. It can be thought of as
being formed by stacking up all of the entities in the ensemble, ordered by their
individual magnitudes.

% n biological research, 95% confidence intervals are used as a convention. Different levels might be preferred
for pesticide assessments, depending on the degree of conservatism that is required.

" This is compatible with existing uses of the term assessment endpoint (e.g. US EPA, 1998).

'® The terms “entity” and “ensemble” are used because they are flexible in meaning and can refer to both
biological entities (e.g. species) and physical entities (e.g. water bodies).
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The most important consideration is to ensure that the measure, entity and
ensemble are meaningful and relevant to the decision-maker. To achieve this, it
may help to convert the assessment objectives into a specific question for the
assessment. Some examples are shown in Table 1. Note that the entity can take
many forms, either physical (e.g. a water body) or biological (e.g. an individual,
population, species or community), but must be compatible with the measure of
magnitude. The ensemble is simply a group of entities that is meaningful and
relevant to the decision-maker.

At its simplest, the cumulative distribution represents one type of variation (e.g. in
space, or between species). If two types of variation are important to the decision-
maker, one of them can be represented by a suitably-defined measure of magnitude.
For example, a decision-maker may be interested in both the proportion of species
that are affected and the proportion of water bodies in which this will happen. In this
case, one option is to define the entity as a water body, the measure of effect as the
proportion of species affected, and the ensemble as the population of water bodies
relevant to the assessment (e.g. water bodies of a particular type, or in a particular
region). Another good option is to produce several different cumulative distributions,
each quantifying just one type of variation in the output. Other options exist, e.g.
combining both types of variation on the frequency axis (ensemble = all species/ditch
combinations) or adding a third axis to the output graph, but these are much more
difficult to interpret and communicate.

Often, more than one combination of measure, entity and ensemble could be
appropriate, and it may be helpful to use several different combinations that reflect
alternative ways of forming the assessment question. For example, the decision-
maker may be interested in the proportion of all water bodies that are affected, and
also in the proportion of exposed water bodies that are affected (same measure and
entity, different ensembles). As a more complex example, the decision maker might
be interested in what proportion of ditches have effects on more than 10% of species,
and also in what proportion of species are affected in more than 10% of ditches
(different effects, entities and ensembles — see last two rows in Table 1).
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Assessment Assessment endpoint
question Measure of Entity Ensemble
magnitude
What proportion of No effect One species Those species relevant

species will be affected
at the predicted
environmental
concentration?

concentration, NOEC'”

to the assessment (e.g.
present in water bodies
adjacent to treated
fields)

What proportion of
water bodies will have
concentrations
exceeding the no-effect
level?

Predicted
environmental
concentration, PEC

One water body

Water bodies adjacent
to treated fields, in a
specified geographic
region

How many species will
suffer significant
mortality?

Percent mortality of
individuals

One species

Those species relevant
to the assessment

What proportion of
aquatic species will
have a TER less than
107?

Toxicity-exposure ratio,
TER

One aquatic species

Those species present
in water bodies
adjacent to treated
fields

What proportion of
birds will have a TER of
less than 10?

TER

One individual bird of
the relevant indicator
species

Those individuals of the
indicator species that
visit treated fields

In what proportion of Percentage of species | One ditch Ditches adjacent to
ditches are more than affected treated fields

10% of species

affected?

What proportion of Percentage of ditches One species Species relevant to the

species are affected in
more than 10% of
ditches?

in which species is
affected

assessment

Often, the entity used in the conventional first tier assessment is abstract, for
example a standard ditch or a generic insectivorous bird. If an abstract entity is used
in a probabilistic assessment then the ensemble will also be abstract, for example an
ensemble of standard ditches. Abstract entities and ensembles can still be useful
provided they can be interpreted in relation to the real world — for example, if they are
conservative.

It is not always necessary to use a distribution to quantify variation. For
example, if the measure is binary (e.g. mortality of individuals), then variation in effect
can be quantified by a simple percentage (% mortality). In such cases the
assessment endpoint can be expressed simply as an estimate of the frequency of
effects (e.g. % mortality), together with confidence intervals if required. This
simplification may also be possible when the measure of magnitude is continuous, if

'® These examples are not definitive: other choices are possible for the same assessment questions.
' In this case, the CDF is a species sensitivity distribution (SSD) and the measure of magnitude is sensitivity to
the toxicant.
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there are critical values of particular interest to the decision-maker. For example, if
the measure of effect is a TER, the decision-maker may be interested primarily in the
proportion of entities with TER<10. In this case, the primary assessment endpoint
could be simply the percentage of entities with TER<10, together with confidence
intervals if required. Focussing on critical values in this way simplifies the output and
may aid communication (see section 3.6).

Finally, we emphasise that it is important to define the output ensemble first, and
then use that to infer what the input ensembles should be. It is tempting to do the
opposite — i.e. allow the available input datasets to determine the output ensemble.
This can cause under- or over-estimation of variability or produce output ensembles
that have no real-world interpretation®.

3.3 Planning the assessment model

Having defined the output that is required, the next step is to plan the assessment
model that will generate the output from the available data. If the assessment model
is inappropriate, the output will be invalid or misleading.

Planning the assessment may require substantial effort if the assessment scenario is
new. Effort will be saved if a similar assessment has been done previously, or if a
standardised assessment has been established, but a check should always be made
to confirm that the assessment is truly appropriate for the issue under consideration.

The key steps in planning the assessment model are as follows:

1. Identify the key factors and mechanisms that influence the effect that is to
be assessed, and how they interact. Generally, these will be the same as in the
conventional first tier assessment, with additional refinements if required to
address the objectives agreed for the probabilistic assessments. It may help to
draw a diagram representing the various factors and mechanisms and showing
their interactions, e.g. as a flow chart (this is sometimes referred to as a
conceptual model). An example is shown in Figure 9.

2. Consider each part of the model in turn, and decide which factors and
mechanisms might contribute significantly to variability in the assessment
endpoint. These will need to be represented by distributions in the assessment
model.

3. For each variable in the assessment, identify the appropriate ensemble.
This depends on the ensemble of the assessment endpoint and the model
structure. For example, if the output is effects in an ensemble of water bodies,
then the appropriate ensemble for exposure is PECs for different water bodies.

4. ldentify what data are available that can help in quantifying each factor and
mechanism, including distributions for those that will be treated as variables.

'® For example, using a distribution of average values from different studies could cause either over- or under-
estimation of variability within studies, depending on which is more relevant to the assessment endpoint and
whether between- or within-study variation is greater. Combining a within-species variation for one parameter with
between-species variation for another would create an output ensemble of entities that are all one species with
respect to the first parameter but represent multiple species with respect to the second parameter.
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763 5. Decide whether any extrapolations or adjustments are needed to model the

764 key factors and mechanisms from the available data. Extrapolation or
765 adjustment may be required to deal with various issues including:

766 e Lab-to-field extrapolation.

767 e Non-random sampling. For example, species tested in the laboratory may not
768 be representative of the ensemble of species considered in the assessment.
769 e Surrogacy — where one type of data is used as a surrogate for another type.
770 For example, in the first tier avian assessment, the estimate used for
771 pesticide residues on insects is actually derived from measurements of
772 residues on plants (European Commission, 2002c).

773 e Incompatible ensembles. For example, if the required exposure ensemble is
774 variation in pesticide concentrations between water bodies, using a series of
775 concentrations measured in one water body would be invalid.

776 e Inappropriate averaging. Distributions based on average results from different
777 studies will underestimate variation in the underlying values.

778 e Differences in spatial and temporal scale. For example, peak exposures in
779 water bodies adjacent to treated fields differ from concentrations from routine
780 sampling of large rivers.

781 If issues of this type do require the use of adjustment or extrapolation factors,
782 then they become, in effect, part of the assessment model and should be
783 identified as such in the model plan. Also, consideration should be given to
784 whether these factors should be represented by point values or by distributions (if
785 they are subject to substantial variability or uncertainty).

786 6. Consider each part of the model in turn to identify possible sources of
787 uncertainty'®. Decide which uncertainties might contribute significantly to
788 uncertainty in the assessment endpoint, and which of these will be quantified
789 using distributions (if any). Decide what to do about important uncertainties that

'° This is essential if uncertainty and variability are to be separated, to provide confidence bounds on the outputs,
or if a distribution representing only variability is required. However, it is desirable even in other cases, to enable
the assessor to communicate the meaning of the output distribution (e.g. does it represent mostly uncertainty or
mostly variability).
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cannot or will not be quantified (e.g. use best estimates or conservative values).
Different types of uncertainty, and methods for dealing with them, are discussed
in section 3.4.4.

7. Consider carefully for each input distribution whether it contributes
uncertainty or variability to the output. This again depends partly on the
ensembles. For example, a species sensitivity distribution contributes variability if
the output ensemble comprises multiple species, but uncertainty if the output
ensemble comprises individuals of a single species. If a distribution includes both
variability and uncertainty and they cannot be separated, it is better to treat the
distribution as uncertainty®® as this reflects the state of knowledge more
accurately than if it were treated as variability.

8. Identify potential dependencies affecting the assessment. Dependencies
occur where the value of one variable depends upon the value of another variable
(e.g. food intake may be positively related to body weight). It is important to
consider dependencies carefully, as they can have a major impact on the
assessment outcome. Different types of dependency, and methods for dealing
with them, are briefly discussed in section 3.4.4.

9. Express the entire assessment model as a set of mathematical equations,
so that they can be used for calculations.

It is essential to document the justification for each choice made in planning the
assessment model, and each component of the resulting equations, to support the
credibility of the assessment and facilitate peer review (see section 3.5).

3.4 Key methods for probabilistic assessment

3.4.1 Overview of alternative methods for combining distributions

Distributions for assessment inputs must be combined to obtain a distribution for the
assessment output. A large number of different methods exist for combining
distributions. EUFRAM has examined some that were thought promising for pesticide
risk assessments. Descriptions and comparisons of these methods are presented in
Volume 2, Work Package 4, together with references to more detailed publications.
Additional investigations into methods for use with limited datasets are presented in
Work Package 5.

This section briefly outlines the essence of the methods considered by EUFRAM,
and the next section offers provisional recommendations on which methods can
generate which types of output, and how to choose between them.

Scenario analysis. This method is used in current first-tier assessments for most of
the taxonomic groups (e.g. use of 90" percentile for spray drift). Distributions are
used to quantify one or more sources of variability or uncertainty, and a single
percentile is chosen from each distribution. These point values are then combined by
simple algebra to derive a point estimate for the assessment endpoint, which
represents a scenario defined by the choice of the percentiles for the various inputs.
This method is very simple to use but cannot quantify the overall conservatism of the
assessment when more than one or two inputs are derived from distributions.

20 If this is done then it is important to take account of the resulting confidence bounds in decision-making, as
using only the central estimate would under-represent variability.
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Combining one distribution with point estimates. If only one source of variation or
uncertainty is represented by a distribution, each percentile of this can be combined
with point estimates for other parts of the assessment model to obtain corresponding
percentiles for the assessment endpoint. This requires only simple algebra but is
limited to a single input distribution, and assumes it is independent of other model
components.

Plotting two distributions on the same graph. Distributions for exposure and
effects can be plotted on the same graph if they have the same x-axis (e.g. Figure
5c). The overlap between the two curves provides a visual impression of the degree
of risk, and for any point on the horizontal axis, one can read the frequency of
exposure from one vertical axis and the frequency of effects on the other. This
method is very simple but limited to use with pairs of distributions sharing the same x-
axis, and interpretation is difficult if the distributions are not independent.

Method of joint probabilities. Two distributions can be combined into one without
calculations by the method of joint probabilities, if they have the same x-axis. The
result is often called a “joint probability curve” or JPC and can be plotted in several
formats, one of which is equivalent to a cumulative distribution for the frequency of
effects. The JPC is simple to construct without any calculations. It is limited to use
with pairs of distributions sharing the same x-axis, and is invalid if the distributions
are not independent. The joint probability curve can also be used to estimate the
average frequency of effects, but this is harder to compute.

Lookup tables. Risk assessment statistics can be provided in lookup tables, of a
similar type to those commonly used for logarithms and statistics such as Student’s t
and chi-square. These allow the user to obtain best estimates and confidence
intervals for assessment endpoints without having to do complex calculations.
However, they are only available for a few specific types of assessment model.
Aldenberg and Jaworska (2000) provide tabulated extrapolation factors for
calculating selected percentiles of a single Normal distribution together with
confidence intervals for sampling uncertainty. Aldenberg et al. (2002, Table 5.3)
provide tabulated factors that can be used to calculate the average percent of
species affected from the means and standard deviations of an exposure distribution
and species sensitivity distribution, both of which must be Normal.

1D Monte Carlo. Monte Carlo simulation combines distributions by taking large
numbers of samples from each one at random. In 1D (1-dimensional) Monte Carlo,
all the input distributions are sampled together, and produce a single distribution for
the output. When all the input distributions represent only variability, the output
distribution represents the best estimate of variation in the assessment endpoint.
This can be used to estimate specific percentiles of the output ensemble (e.g. the 5"
percentile or HC5), but provides no confidence intervals and may give a false
impression of certainty. When input distributions representing variability and
uncertainty are combined by 1D Monte Carlo, the output distribution represents
uncertainty about the assessment endpoint for a single ensemble member selected
at random (e.g. a species selected at random, rather than a particular percentile
species). The difference between 1D Monte Carlo including and excluding
uncertainty is illustrated in Figure 10. The distribution excluding uncertainty
represents a best estimate of the CDF, whereas the 1D distribution combining both
variability and uncertainty spans the full range of possible values for the assessment
endpoint.
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Monte Carlo methods can take account of dependencies between input variables, if
information is available to characterise them, but requires strong assumptions about
distribution shape. A number of software packages exist for 1D Monte Carlo and are
fairly easy to use.

1D Monte Carlo
100% q including only
variability

80% ¢

60% < 1D Monte Carlo
including both
uncertainty &

40% 1 variability

Cumulative frequency

/

0% T T
Magnitude

Frgure 70. Diggrammalic comparison betweern the oulout of 70 anad 2D Monte Carlo for
e same /mput aistributions. 2D Monte Carlo proauces the cumu/ative aistribut/ion
with conrdence /ntervals, wnereas 70 Monie Carlo proouces a smgle aistrioution
160resenting uncertamnty about a s/ngle member of the ensemble selected ar ranaon.

2D Monte Carlo. Two dimensional (2D) Monte Carlo is very similar to 1D Monte
Carlo except that it separates uncertainty and variability. In 2D Monte Carlo, the
distributions for uncertainty and variability are sampled separately, so that the
combined effect of the uncertainties can be shown as a confidence interval around
the output distribution (Figure 10). The ability to show the effect of uncertainties
separately as confidence intervals makes 2D Monte Carlo especially useful for limited
datasets, but at present appropriate techniques are available to quantify only some
types of uncertainty (see section 3.3.4). 2D options are included in some Monte Carlo
software. Like 1D Monte Carlo, 2D methods can take account of dependencies
between input variables but require strong assumptions about distribution shape.

Probability bounds. Probability bounds is a method of combining uncertain
distributions that does not require any data or assumptions about either distribution
shape or dependencies among variables, although such information can be used to
some extent if available. It first produces absolute (outer) bounds for the cumulative
distribution of each input variable, and uses these to derive absolute (outer) bounds
for the output distribution. However, an important limitation is that this method does
not provide any information on where the true distribution might lie between the
bounds. An example is shown in Figure 11. The method can work with many types of
information, and each piece of information can itself be uncertain. Probability bounds
copes well with most types of uncertainty but has difficulties with sampling
uncertainty, which is important for the small sample sizes that are common in risk
assessment (see Volume 2, Work Package 5). Probability bounds may be very wide,
but this is appropriate if there is genuinely little information about the inputs.
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Bayesian methods. Bayesian methods use a subjective concept of probability and
can make use of subjective information (e.g. expert judgements, which are often
used in risk assessment), as well as objective data. Bayes theorem is used to
combine existing (“prior”) knowledge with new data, a process sometimes called
“‘updating”. This produces “posterior” distributions for the assessment endpoint.
Confidence intervals can be generated for different percentiles of the assessment
endpoint, if required. The concept of updating fits neatly with the process of tiered
risk assessment, and can also be used to combine different types of information
(e.g., lab and field). Some of the theory and computations involved in Bayesian
methods are complex and require specialist expertise. However, this need not be an
obstacle to their use if they can be provided in a pre-packaged form that is known to
be appropriate to the problem in hand (e.g. customised software or lookup tables).

3.4.2 Choosing between methods for combining distributions

NOTE: this section is provisional and will be revised as the project progresses,
depending on further evaluation of the methods and feedback from participants.

Preferences between the different methods for combining distributions will depend on
a number of factors. At this stage the following factors appear important:

 What type of output you require from the assessment (specified in problem
definition, section 3.2)

- Point estimates for specified input scenario — can be provided by scenario
analysis, 1 distribution, overlay graph, joint probability method

- Best estimate of cumulative distribution — any method except scenario
analysis

- Confidence intervals for the cumulative distribution — lookup tables, 2D Monte
Carlo or Bayesian methods.

- Absolute outer bounds for the cumulative distribution — probability bounds
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« How many input distributions you have?! (specified in the assessment model,
section 3.3)

1 input distribution — any method except overlay graph and joint probability

- 2 input distributions — any method except combining 1 distribution with point
values

- 3 or more input distributions — scenario analysis, 1D or 2D Monte Carlo,
probability bounds or Bayesian methods

« How you want to handle uncertainty about distribution parameters,
distribution shape and dependencies (discussed in more detail in sections
3.4.4 and 3.4.5). Only 2D Monte Carlo, probability bounds, and Bayesian
methods can provide confidence intervals on output distributions, while 1D Monte
Carlo can include uncertainty but not separate it from variability (see Figure 10).
These methods can also take account of known or assumed dependencies.
Probability bounds can produce bounds that enclose all possible output
distributions, without requiring any knowledge or assumptions on dependencies.
The simpler methods (scenario analysis, combining one distribution with point
estimates, overlaying two distributions and the joint probability method) can
represent uncertainty by using alternative assumptions (e.g. best estimate vs.
worst case) but do not provide confidence intervals and generally assume that
inputs are independent of one another.

» [Ease of use is an important practical consideration. The current view of EUFRAM
project partners may be summarised as follows:

- Scenario analysis, combining single distributions with point values, overlay
graphs of two distributions, the joint probability method, lookup tables and 1D
Monte Carlo are relatively easy to use, and seem most likely to gain regulatory
acceptance in the short-term.

- 2D Monte Carlo is of intermediate difficulty and has received only limited
evaluation for pesticide assessments.

- Probability bounds and Bayesian methods are (or are perceived as) more
difficult to use and have received least evaluation.

Consideration should also be given to whether different methods could serve
complementary functions, either sequentially (e.g. as successive steps in a tiered
approach) or concurrently (e.g. overlaying probability bounds on Monte Carlo results,
to show the effect of relaxing assumptions about distribution shape and
dependencies, Regan et al. 2002 and Volume 2, Work Package 4).

QUESTION FOR FEEDBACK:

Q1. Do you have any comments on the strengths and weaknesses of different
methods for combining distributions, or suggestions for how to choose
between them? Which methods do you prefer, and why?

' In addition it should be borne in mind that the joint probability method and overlay graph are applicable only
when 2 input distributions share a common x-axis, and that at present lookup tables are available only for
normal/lognormal distributions.
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3.4.3 Specifying distributions for input variables®

The specification of input distributions is critical, as inappropriate choices will
give misleading or invalid outputs (e.g. negative exposures). There is a wide
range of options for specifying distributions and an extensive literature, including
substantial chapters in publications on probabilistic risk assessment (e.g. Vose 2000,
Cullen & Frey 1999, US EPA 1997, 2001). Specifying appropriate distributions
requires expertise in these statistical approaches, combined with a clear
understanding of the assessment model, and expert knowledge of the parameter in
question (e.g. ecology, chemistry etc.).

The measure, entities and ensemble required for each input distribution should be
identified from the structure of the assessment model and the entities and ensemble
of the eventual assessment endpoint. Data available for specifying the input
distribution often deviate from these requirements in various ways: any necessary
adjustments or extrapolations to allow for these deviations should be defined as part
of the assessment model (see section 3.3). Alternatively, it may be appropriate to
select certain subsets of the data or give different weights to different points within
the dataset, e.g. to correct over-representation of certain taxonomic groups in toxicity
data.

A wide range of approaches can be used to specify distributions, depending on the
amount and type of data available. For large datasets it may be best to use
empirical distributions or empirical bootstrapping methods, which directly reflect
the sample data.

For smaller datasets, or where there are reasons to expect a particular form of
distribution, it may be preferable to use parametric distributions (e.g. the Normal
distribution). Parametric distributions are defined mathematically by parameters (e.g.
mean and standard deviation) that may be estimated from the sample data in various
ways. The first consideration in choosing between the many possible parametric
distributions should be which are logically compatible with the nature of the variable
in question, e.g. whether it is discrete or continuous, the existence of absolute
minima or maxima, and what type of process or mechanism is responsible for the
variation. Various graphical and statistical approaches are available for assessing
goodness of fit, and some computer programs allow semi-automated testing of
multiple distribution types to find the best fit (e.g. Crystal Ball® and @Risk®).
However, goodness of fit tests can be misleading and it is generally recommended to
select distributions using both statistical and graphical methods in conjunction with
mechanistic criteria. Sometimes it may be appropriate to transform the sample data
(e.g. to logarithms) to improve goodness of fit, or to represent a variable using a
mixture of distributions instead of only one. Sometimes it may be appropriate to
truncate a parametric distribution, to prevent sampling of extreme values that cannot
occur in reality.

Where data are very limited, or only summary statistics or subjective information are
available, different approaches may be appropriate. Maximum entropy approaches
are intended to be conservative, selecting the type of parametric distribution that
maximises variability, given the data. Probability bounds and related methods use
“probability boxes” (e.g. Figure 11 above) to define absolute bounds within which the

2 More discussion of some of the approaches identified in this section is presented in Volume 2, Work Package
4.
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cumulative distribution for the variable is certain to lie, and can be defined from many
types of limited input information. Finally, there are a variety of formal methods of
expert elicitation, that can specify distributions using only subjective expert
knowledge and opinion.

Whatever methods are used, special attention should be paid to ensuring the tails of
distributions are reasonable, as they are frequently critical to the outcome of risk
assessment but poorly represented by data except in very large samples.

Finally, it is emphasised that users should refer to detailed texts, such as those cited
at the start of this section, and consider seeking expert assistance for the
specification of input distributions.

3.4.4 Methods for dealing with uncertainties

One of the purposes of probabilistic assessment is to quantify uncertainty. It is
important to specify at the outset whether confidence intervals are required on output
distributions, as this has substantial implications for assessment methodology (see
section 3.4.2). If the decision-maker is concerned about particular sources of
uncertainty, these should be specified as part of the problem definition. In addition,
when planning the assessment model, each component should be considered in turn
to identify further potentially important sources of uncertainty (section 3.3).

Uncertainties can be classified in various ways (e.g. Morgan & Henrion 1990, Cullen

& Frey 1999). Important types of uncertainty include:

« Uncertainty about distribution shape — often, several different distributions may
be plausible for the same model input, and may show similar goodness of fit to
sample data.

e« Sampling uncertainty — when a sample is used to estimate distribution
parameters or to derive an empirical distribution, there is uncertainty about their
relationship to the true parameters or distribution for the larger population from
which the sample was drawn.

 Measurement uncertainty — various factors may cause random errors or bias in
measurements or experimental data.

o Extrapolation uncertainty — when it is necessary to extrapolate beyond the
range of a dataset, or from one type of data to another (surrogacy), there is
uncertainty about how closely the extrapolated values match the true values that
are being estimated.

 Model uncertainty — there is often uncertainty about which of several alternative
model structures best represents real mechanisms and processes.

e Uncertain dependencies — there may be uncertainty about the nature, direction
and magnitude of dependencies in the assessment (see section 3.4.5).

In general, uncertainties are greater when datasets are small.

Objective methods exist for quantifying some types of uncertainties. Exact analytical
expressions are available for sampling uncertainty of a few parametric distributions,
notably the Normal distribution (e.g. Vose 2000, Cullen & Frey 1999). For other types
of distributions, it may be possible to estimate sampling uncertainty by Bayesian or
bootstrapping approaches (e.g. Beta distribution, Vose 2000, pp. 255-262)%°. Some

2 An alternative to quantifying sampling uncertainty may be to collect enough data to make sampling uncertainty
negligible for the purposes of the assessment. This approach is implied when people propose minimum sample
sizes, e.g. for SSDs, but implies a risk management judgement about how much certainty is required.
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types of measurement uncertainty can be quantified using the distribution of repeated
measurements.

A key strength of probability bounds is that it can show the effects of uncertainty
about distribution shape, by producing bounds for the output that make no
assumption about distribution shape for some or all of the inputs (Ferson, 2002).

It may be possible to quantify some types of uncertainty subjectively, e.g. use expert
judgement to specify a triangular distribution based on estimates of the minimum,
maximum and most likely value for a quantity. This is probably best done using
formal expert elicitation methods (e.g. Morgan & Henrion 1990, Vose 2000). It is
currently more common to use fixed values (either best estimate or worst case) for
subjective uncertainties. This is simpler but makes it difficult to characterise the
conservatism of the assessment, especially when best estimates or worst-case
assumptions have been used for multiple inputs.

Uncertainty about distribution shape and model structure may be explored by
repeating the assessment with a limited number of credible alternative models, and
comparing the results. It is possible to include alternative models within a single
Monte Carlo assessment, weighted by some estimate of their relative likelihood, but
this in effect averages the models and may be misleading (e.g. produce intermediate
results that are not compatible with either model). Probability bounds can however
combine alternative models without incurring this problem (Ferson 2002).

Annex VI of Directive 91/414 includes decision criteria for first tier assessments, e.g.
critical TERs, below which further assessment is required. These critical values are
intended, in part, to allow for variability and uncertainties affecting the assessment.
There is no published documentation of the quantitative basis for the specified
values, nor is it clear what types of uncertainty they were originally intended to cover,
although post-hoc interpretations are given in the EU Guidance Documents
(European Commission, 2002a, 2002c). The Guidance Documents indicate that in
principle these critical values could be reduced when uncertainty is reduced by
provision of additional data, but provide little detailed guidance on this.

Ultimately it is never possible to quantify all uncertainties affecting an assessment.

This implies it should be clearly stated in the assessment (a) which uncertainties

have been quantified and (b) what uncertainties remain unquantified and their

potential implications for the assessment. The following approaches may assist in

accounting for unquantified uncertainties:

1. Systematically list or tabulate all unquantified sources of uncertainty

2. Qualitatively evaluate the direction and relative magnitude of each unquantified
uncertainty in terms of its impact on the assessment outcome

3. Qualitatively evaluate the possible combined effect of all the quantified and
unquantified uncertainties on the assessment outcome.

3.4.5 Methods for dealing with dependencies

Dependencies occur when the value of one quantity in the model depends upon the
value of another. They can occur between variables (e.g. age and weight of exposed
individuals), between uncertainties (e.g. the slope and intercept of a regression
relationship), or between variables and uncertainties. They can arise from a direct
mechanistic or logical relationship between two quantities, or indirectly when both are
dependent on a third. Potentially important dependencies should be identified when
planning the assessment model (section 3.3).
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The most familiar form of dependency is linear correlation, but there are many others.
Sometimes they may be detected and quantified from data, by examining scatterplots
of two variables measured on the same sample. More usually, it is necessary to
deduce them from the structure of the model and the mechanisms it represents:
examine different parts of the model in turn and consider subjectively whether they
might be inter-dependent, including the possibility of dependencies in time and
space.

Failing to account for important dependencies can cause major over- or under-
estimation of risk. Methods to account for dependencies in Monte Carlo
assessments are discussed by Cullen and Frey (1999) and US EPA (2001) and in
more detail by Vose (2000). Cullen and Frey (1999) prefer to incorporate
dependencies into the model structure by making one quantity a function of the other
(e.g. using regression relationships). The most familiar alternative is to simulate linear
correlations by restricted sampling of input distributions in Monte Carlo, and is
implemented in commercial software including Crystal Ball® and @Risk®.

Dependencies are often affected by substantial uncertainty. Vose (2000)
discusses how to quantify sampling uncertainty for correlations estimated from data.
When a dependency is suspected but cannot be estimated from data, its potential
importance can be investigated by trying a range of different assumed dependencies
(Vose, 2000; US EPA, 1997).

One of the important advantages of probability bounds analysis is that it can
accommodate total uncertainty about dependencies, by calculating bounds that
enclose all possible output distributions regardless of the dependencies between the
inputs (Ferson, 2002). Probability bounds can be narrowed if some variables are
known to be totally independent or perfectly correlated, but cannot take account of
intermediate degrees of dependency.

3.4.6 Sensitivity analysis

Sensitivity analysis evaluates the influence of alternative inputs or assumptions on
the output of an assessment. At its simplest, it could examine the effect of changing a
single deterministic input from one value to another. In probabilistic assessments, it
often examines correlations between input distributions and output distributions.

Sensitivity analysis can provide valuable assistance at various stages, from initial

planning of the assessment model to communicating the results. It can help to:

e Understand how inputs affect outputs and check for unrealistic model behaviour

e Screen the potential influence of different sources of variability and uncertainty, to
determine which are most important to quantify

e Show the potential effects of uncertainties that cannot be satisfactorily
represented with distributions (e.g. different choices for distribution shape, or
different model structures)

e |dentify key sources of uncertainty, as options for further data collection if required

e |dentify key sources of controllable variability, as options for risk reduction if
required (e.g. adjusting the use pattern of the pesticide)

e |dentify the main factors driving the assessment outcome, so that they can be
used in risk communication to help explain the causes of risk.

Many different methods are available for sensitivity analysis. Vose (2000) describes
some examples of analysis outputs that can be used for sensitivity analysis. US EPA
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(2001) and Cullen and Frey (1999) discuss a wider range of approaches to sensitivity
analysis, and offer summary tables to assist in choosing between them. There is
also a substantial general literature on sensitivity analysis (e.g. Saltelli et al., 2000).

3.4.7 Software

NOTE: This section will be revised as the project progresses to take account of
feedback received on available software and databases.

The EUPRA workshop, which preceded EUFRAM, recommended that standard
software tools for probabilistic assessment should be adopted, at a level of
complexity appropriate for users in all parts of the EU regulatory arena (Hart, 2001).
EUFRAM Work Package 10 endorsed this view, and considered the characteristics
that would be desirable in software and databases for probabilistic assessment. An
ideal system for probabilistic assessment would:

1. provide a comprehensive set of models for assessing the ecological risks of
pesticides and their metabolites, including both exposure and effects.

2. provide comprehensive, appropriate, referenced, quality-controlled data for all
model inputs including pesticide use, physico-chemical properties, toxicity,
ecological and landscape factors, and field data.

3. include dynamic links between data and models.

4. include appropriate methods for taking account of uncertainty, variability and
dependencies, and for incorporating spatial and temporal variation.

5. offer different modes for different users and purposes, including standardised
models and data for lower tier assessments and more flexibility for higher tier
assessments.

6. be fully tested and documented, approved by appropriate expert panels,
published in peer-reviewed literature and, as far as possible, empirically validated.

7. run efficiently on computer systems typically used by regulatory assessors, or be
usable remotely via the internet.

8. have an intuitive user interface including automatic error-checking, extensive help
facilities, and convenient methods for input and output of data and results.

9. be provided with long-term maintenance and user support services.
10.be suitable for regulatory use at both national and European level.

It is recognised that some users will require more flexibility and specialist tools, that
would be difficult to incorporate in a standard system, but they would still benefit from
the other characteristics mentioned.

A detailed evaluation of existing software and databases is presented in Volume 2,
Work Package 10. The main conclusion is that existing tools meet the criteria only to
a limited extent, covering only particular types of assessment**, and providing limited

# For example the ETX software combines one distribution for exposure with one for effects, both of which must
be lognormal; and the US EPA models for acute avian and aquatic risks are tailored to US regulatory
requirements and scenarios.
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functionality for handling uncertainties and dependencies®. Although pesticide
assessments can be produced with the existing tools, further development is highly
desirable.

QUESTION FOR FEEDBACK:

Q2. What software and databases have you used for probabilistic ecological
risk assessments? Do you have any comments on their strengths and
weaknesses? Are you developing any software or databases yourself?

3.5 Interpreting the results of probabilistic assessments®

Risk assessment is not just about doing calculations. Quantitative risk assessment
should be seen as one of several lines of evidence, each of which requires critical
interpretation and evaluation to arrive at an overall characterisation of risk.

3.5.1 Interpreting the quantitative results

In general, the interpretability of the quantitative results will depend on how clearly
the assessment objectives were defined, and whether the assessment endpoint was
suitably designed to address those objectives. If the assessment endpoint does not
or cannot relate closely to the assessment objectives (e.g. if the assessment relates
to individual effects but the real interest is in population effects), then considerable
interpretation may be required to bridge the gap. Such extrapolation should be
supported by other lines of evidence (see 3.5.3).

One of the challenges when interpreting probabilistic results is the lack of established
criteria for using them in decision-making, e.g. what percentage of species may be
affected? (European Commission, 2002a). This is a very important issue but requires
balancing ecological risk against other relevant factors that are outside the scope of
EUFRAM, such as the benefits of pesticide use and social and aesthetic
considerations. EUFRAM can contribute by assisting the development of probabilistic
outputs that express risk in terms that are meaningful to decision-makers (see
sections 3.2 and 3.3), but if decision criteria are to be established this needs to be
done by the responsible authorities in consultation with other interested parties as
appropriate. So long as such criteria are lacking, decisions will have to be considered
case-by-case: assessors should use the quantitative results to characterise the risk,
and decision-makers should then consider its acceptability. This is the same as for
most other types of refined assessment, which also lack established decision criteria.

It is important always to ask “Do | believe my results?”. For example:

e Compare the upper tails from the probabilistic assessment with the conventional
first tier assessment, and compare the central estimate with the results of
deterministic calculations using the mean or median values of the input
distributions (US EPA, 2001). Are differences consistent with the differences in
inputs, or do they suggest problems?

% Commercial risk analysis software packages (e.g. Crystal Ball®, @Risk®, Risk Calc®) provide more
functionality but are general tools not tailored to pesticide assessment, so the user has to specify the assessment
model and provide all the data.

% See Volume 2, Work Package 6 for further discussion.
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For assessments using Monte Carlo, bootstrap or other iterative computations,
check whether sufficient iterations have been done to obtain stable and
repeatable results.

Compare the probabilistic results with other lines of evidence (see 3.5.3)

If the central estimate or variability of the output seem too high or too low:

Check whether the assessment endpoint relates to the objectives in the way that
was intended. Are the output measure and its entities and ensemble as intended,
or have they been inadvertently altered by the choice of input distributions, or by
the way the distributions are combined?

Check for errors in data units (e.g. mg to kg)
Consider whether important variables or relationships have been omitted

Identify which input variables are driving the result (using sensitivity analysis, see
above) and consider whether they have been modelled correctly (e.g. whether
distributions relate to the wrong ensemble, or extend beyond feasible limits). If the
output is heavily driven by the tail of an input distribution, check how well the
shape of that tail is supported by data or other evidence. Also consider whether
the model is being driven by impossible combinations of input variables, that may
occur if important dependencies are omitted.

Check the assumptions used for any fixed (deterministic) inputs.

If uncertainty intervals seem too wide or too narrow to be credible:

Check whether you have handled them correctly (consult a statistician)

Consider what reasons you have for thinking they are too wide, or too narrow. If it
is based on other sources of knowledge or uncertainty that are not yet
incorporated in the model, either try to incorporate them in the model, or
incorporate them in the final risk characterisation as other lines of evidence (see
3.5.3).

Consider whether the intervals are being inflated by impossible combinations of
input uncertainties, which may occur if important dependencies are omitted.

3.5.2 Considering additional uncertainties and dependencies

It is never possible to quantify all the uncertainties and dependencies that might
affect an assessment. The potential influence of unquantified uncertainties and
dependencies should therefore be considered:

Systematically list or tabulate all unquantified uncertainties and dependencies
Qualitatively evaluate the direction and relative magnitude of each unquantified
uncertainty and dependency in terms of its impact on the assessment outcome
Consider re-running the assessment with different assumptions to assess the
influence of potentially important uncertainties or dependencies (a form of
sensitivity analysis)

Consider using probability bounds to explore the impact of potentially important
uncertainties about distribution shape and dependencies (in effect, putting
conservative outer bounds around the assessment result)
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e (Qualitatively evaluate the possible combined effect of all the quantified and
unquantified uncertainties and dependencies on the assessment outcome (how
different could the “true” outcome be?).

3.5.3 Considering other lines of evidence

Risk characterisation should seek to provide an overall assessment, combining the

outcome of the probabilistic assessment with any other lines of evidence that are

relevant to the assessment objectives. Examples of other lines of evidence might

include:

e higher-tier laboratory, semi-field or field studies

e monitoring data on exposure or impacts

e data on similar compounds

e the context and scope of the assessment — how worst-case it is, how generally
applicable it is.

Sometimes, different lines of evidence can be compared quantitatively: for example if
they represent independent estimates of the same quantity, or if one is an
independent estimate of a component of the other (e.g. measured concentrations vs.
predicted concentrations within an aquatic assessment). It may even be possible to
combine them, e.g. by Bayesian updating. Often, however, the lines of evidence will
be sufficiently different in nature that only a qualitative comparison is possible.

If other lines of evidence are to influence the characterisation of risk, then they
should be subject to the same standards of objective assessment as the probabilistic
assessment. This will involve many of the same considerations, such as
measurement and sampling uncertainties, bias, and any extrapolation required
between the measure or ensemble of the data and those of the assessment.

Two lines of evidence may give very different central estimates, if one or both are
very uncertain. If the disagreement is larger than can be accounted for, then the
basis of each line of evidence should be re-examined. For example, disagreement
between a probabilistic assessment and monitoring data might result either from
invalid model assumptions or biases in monitoring. If both appear sound, then the
difference between them should be regarded as a form of uncertainty in the overall
risk characterisation. No line of evidence should be discounted unless there is
objective evidence that it is invalid.

3.5.4 Considering the wider ecological consequences

Risk characterisation may also include consideration of the wider ecological
consequences of effects indicated by the assessment. This is often necessary
because the quantitative assessment is constrained (for reasons of practicality) to
simple measures of risk that are only indirect or partial measures of the assessment
objectives or protection goal. For example, quantitative estimates often relate to
individual effects, but decision-makers may be more interested in impacts at the level
of the population or community.

Interpreting wider ecological consequences involves:

¢ |dentifying which types of consequences are of interest, and to whom. Ideally, this
should already have been considered when specifying the assessment objectives
(section 3.2). It is a risk management judgement, informed partly by scientific
understanding of ecological structure and function but also by social and aesthetic
values.
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e Using the quantitative assessment together with any other relevant lines of
evidence to assess those consequences. This should be an objective scientific
assessment, applying the same standards of enquiry to each of the relevant lines
of evidence. For example, arguments about the ability of the ecological systems
to absorb or recover from pesticide impacts should be supported by evidence
(e.g. relevant field studies or modelling studies), and the effect of those processes
in the specific scenario under consideration should be evaluated.

Risk management decisions may legitimately be influenced by other considerations,
including economic, social and environmental benefits that the chemical may confer.
However, while these factors may alter the balance of risk and benefit they are part
of risk management and should not influence the scientific characterisation of risk.

3.6 Reporting the results of probabilistic assessments

This section summarises provisional EUFRAM recommendations on how to report
the results of probabilistic assessments. For full details, see Volume 2, Work
Package 6.

The formal assessment report should comprise 3 main parts, serving complementary
purposes:

 Summary — to communicate the main points required for decision-making

e Main report — to document and justify the methods, results and conclusions
clearly and concisely but in sufficient detail to enable critical evaluation of all
stages by other specialists (e.g. peer reviewers)

« Appendices — to provide any additional background information required for
others to duplicate the assessment if required.

Each section should be drafted with the needs of the intended audience in mind.
Specialists conducting detailed evaluation or peer review of the assessment (e.g.
Rapporteur Member State scientists in current EU procedures) are the primary
audience for the main report. Decision-makers, and technical specialists who are not
themselves required to review the assessment in detail, will probably rely mainly on
the summary and only refer to the main report for clarification or detail on specific
points.

The summary should therefore provide a clear and concise summary of the
assessment objectives, the main results of the quantitative assessment, and the
main points of the overall risk characterisation and ecological interpretation including
unquantified variability, uncertainties and dependencies and other lines of evidence.
It should also give a very brief indication of the methods used, and state whether they
are novel or follow an established approach.

The main report should comprise a series of sections documenting and justifying the
main components of the assessment:

e Problem definition. This should provide full documentation of the assessment
objectives (section 3.2) and describe and justify the chosen assessment
endpoints (3.3).

 Exposure assessment. This should document and justify the exposure model
and its inputs, report the results of any sensitivity analysis, describe the
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computational methods used, evaluate the model output, and explain the use
made of environmental measurements (if any).

» Effects assessment. This should summarise the effects data and justify any
selection criteria or weightings, describe and justify the computational methods,
and present and evaluate the results.

» Risk characterisation. This should describe the methods used to combine the
effects and exposure distributions and derive the assessment endpoint, provide a
description of the organisms likely to be at risk, and characterise the probability of
exceeding any defined effects thresholds and the frequency, magnitude and
duration of effects. It should also list the quantified and unquantified sources of
variability, uncertainty and dependency and discuss their potential influence on
the assessment outcome. The overall risk characterisation should also include a
comparison with deterministic results and evaluate any other lines of evidence
bearing on the endpoint of the probabilistic assessment.

» Ecological interpretation. This should discuss which wider ecological
consequences are of concern, and use the quantitative assessment together with
any other relevant lines of evidence to assess those consequences.

The sections on exposure and effects assessment and risk characterisation should
document and justify all aspects of the methodology including the assessment
model (section 3.3), the specification of input distributions (section 3.4.3), methods
used for combining distributions (3.4.1 and 3.4.2), methods for dealing with
uncertainties and dependencies (3.4.4 and 3.4.5), sensitivity analysis (3.4.6), and
software (3.4.7). Details necessary to repeat the assessment (e.g. software version
numbers and random number seeds) should be included either in these sections or
in appendices.

The choice of graphical, tabular and narrative formats for communicating output
distributions is discussed in section 3.7. Suitable graphs should also be presented
for input distributions, to support decisions made in distribution selection.

The appendices should list sufficient of the input data, methodological details and
output data to enable other specialists to duplicate the assessment if required.

Technical terms used in the report should follow established convention where
possible. Consideration should be given to including a glossary in the appendices,
especially if less familiar terms are used.

3.7 Communicating results of probabilistic assessments

Probabilistic assessments are more difficult to communicate than conventional
deterministic ones, and this could be a major obstacle to the acceptance of
probabilistic approaches by end-users. The development of effective communication
strategies is therefore a key objective of EUFRAM. This section summarises the
provisional findings of EUFRAM Work Package 7 on this topic, which are presented
in detail in Volume 2. Evaluation of different communication strategies is an ongoing
activity within the project, and feedback via the EUFRAM website and workshops will
be used to update this section as the project progresses.
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QUESTION FOR FEEDBACK:

Q3. Do you have any suggestions for improving the communication of
probabilistic assessments and their outputs?

3.7.1 Communicating with different types of audience

The immediate audiences for probabilistic assessments are technical specialists (e.g.
peer reviewers, evaluators) and decision-makers or policy staff in government,
industry and NGOs (non-governmental organisations). It is also important to consider
other interested parties, including the general public, particularly in the context of
increased transparency associated with the practice of risk analysis. Some members
of the public may take a special interest in pesticide risks and, more generally, it is
important to build societal trust in the process of risk assessment and risk
management. Increasing public trust in scientific risk assessments is contingent on
effective communication about uncertainties regarding risks, about what is not known
as well as what is known, as otherwise the public will not perceive that there is an
active attempt on the part of the scientific community to explain what is really
happening within the risk assessment process.

Different audiences have different communication needs, which must be considered
as part of the process of developing an effective risk communication strategy.
Technical specialists who are peer-reviewing an assessment, or attempting to repeat
or extend it, will need detailed reports and appendices containing comprehensive
information on every aspect. Other technical specialists and decision-makers may
require only summary information (Section 3.6). Summary information will also be
important for public audiences, and this may need presenting using a different
approach e.g. avoiding unfamiliar technical terms and using analogies to explain
unfamiliar concepts. Although public audiences will rarely want detailed information,
public trust may be improved if they know it is available on request (Frewer et al,
2004).

Despite the different needs of these audiences, many of basic strategies for effective
communication are generic. The following section considers how these strategies
may apply to the communication of results from probabilistic risk assessments.

3.7.2 Effective formats for communicating probabilistic results

The following list of interim findings has been developed from discussions within the
EUFRAM project, based in part on experience gained when presenting some of the
EUFRAM case studies to regulatory authorities and committees and on feedback
from participants at the first EUFRAM workshop.

1. EUFRAM provisionally recommends the use of cumulative distributions in
preference to other graphical formats for the immediate technical outputs of
probabilistic assessments (see Section 2.4.5). It is hoped that standardising on
these will facilitate communication amongst technical specialists, but further
evaluation is required to confirm this.

2. Efforts by EUFRAM partners to use cumulative distributions with less technical
audiences have been discouraging up to now. However, Morgan & Henrion
(1990) report experiments showing that non-technical audiences find cumulative
distributions more intuitive than other kinds of display. Therefore it would be
desirable to attempt improvements in the detailed format of cumulative graphs
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and then evaluate again whether they can contribute to communication with
decision-makers, in combination with other techniques.

3. Further work is required to optimise the detailed formatting of cumulative graphs.
In particular, we have not yet found an optimal solution to labelling the axes of
cumulative graphs to ensure their cumulative nature is readily understood (e.g.
putting “proportion <X” on the y-axis and “X” on the x-axis is confusing). If we
cannot find an adequate solution for this, we may need to reconsider whether
other formats (including exceedance plots) might be more readily understood.

4. EUFRAM workshop participants expressed a preference for graphs showing fitted
cumulative distributions together with datapoints, rather than empirical
distributions.

5. It may be preferable to avoid, or provide additional explanation for, graphs with
frequencies or percentages on both axes (e.g. “joint probability curves”), as they
seem generally more difficult to understand and communicate.

6. US EPA (1997) recommend showing both the probability density function and
cumulative distribution together on same page with axes aligned, for inputs as
well as outputs. We should consider whether this would be helpful.

7. Graphical formats other than distributions should also be considered further,
including bar charts, which have been liked by some regulatory audiences.
Publications focussing on the design of scientific graphics (e.g. Tuffe, 2001) may
be helpful in refining our preferred formats.

8. Care is required in choice of symbols, colours and line styles, to ensure that
displays are still understandable when photocopied.

9. Some people like distributions of TERs, probably because the TER is a familiar
assessment output. However, others don’t like distributions of TERs, because the
established decision criteria don’t apply to them in the normal way.

10. Although graphical formats may be more effective in communicating an overall
impression of the results, tabular formats are more effective when numeric results
for specific statistics (e.g. the average or 95" percentile) are required. EUFRAM
has given less attention so far to evaluating tabular formats.

11.Different individuals within any audience have different preferences. It may
therefore be good practice to present and explain the same information in both
graphical and tabular formats, as well as text.

12.Responses at the EUFRAM workshop indicated conflicting desires for simple and
uncluttered graphs and tables on the one hand, and on the other hand for
supporting information (e.g. context, assumptions, identification of species on
SSDs etc.). The appropriate balance between these needs may vary from case to
case depending on the context and audience.

13.Good legends can do a lot to improve understanding of graphs and tables and we
need to make better use of this.

14.0ne firm conclusion, for all types of audiences, is the need always to express and
explain the results in words alongside any graphical or tabular presentation. Use
everyday language as far as possible, even for technical audiences; where
technical terms and acronyms are necessary they should be explained. Consider
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providing a glossary. Bullets and text boxes containing key messages may be
helpful.

15.Insights from psychometrics and evolutionary psychology suggest that natural
frequencies (e.g. 1/10, 2/5) are more readily understood than percentages
(Gigerenzer, 2002). How far this applies to graphical, tabular and narrative
outputs of probabilistic pesticide assessments will be evaluated further as the
EUFRAM project continues.

16.1t is important to provide a balanced picture of what is known and what is
uncertain. Where uncertainties have been incorporated into the analysis, they can
be shown as a range or confidence interval for the result. The potential effect of
other, unquantified, uncertainties on the assessment outcome should also be
described (e.g. how different could the ‘true’ risk be?). However, the strengths of
the analysis (what is known) should also be made clear.

17.1f the decision-maker is likely to consider options for risk mitigation (e.g. buffer
zones), then it will be helpful to include comparative assessment results for the
different mitigation options. Ideally, the need to assess such options should be
identified at the outset and included in the assessment objectives (Section 3.2).

18.Inclusion of a “positive control”, the effects of which are already well understood
by those involved in the risk analysis process, facilitates communication about
new methods. Although this should not be a requirement within individual risk
assessments, it could be very useful for:

o Demonstration/teaching purposes (provided it is not interpreted as a
benchmark for what effects are acceptable, because this may vary between
pesticides/scenarios),

o Providing a test case for evaluation of new tools (to help build confidence and
check consistency between tools)

19. The ecological implications (the “so what” question) should be explained, bringing
in relevant expertise or supporting evidence, in order to understand which
organisms are affected, the implications for vulnerable or protected habitats, etc.

20. A substantial part of the difficulty in communicating probabilistic results is due to
the lack of established criteria for decision-making. Even if the results address the
assessment objectives and are clearly communicated, the lack of decision criteria
makes them hard to interpret. It is unlikely that standard criteria will be established
soon so, for the time being, results will have to be evaluated case by case. This
further increases the importance of providing good interpretative text with results.

21.Familiar formats and concepts (e.g. TER) are more easily understood than novel
ones. Explanations should be started with familiar assessment methodologies
and subsequently move to unfamiliar assessment approaches (e.g. from
deterministic to probabilistic assessments). Novel ideas should be introduced one
at a time rather than all at once.

22.Although regulatory processes focus heavily on documents and reports, the
importance of effective face-to-face interactions should not be overlooked.
Consideration should be given to providing joint training exercises for risk
assessors and risk managers, to promote effective interaction during the risk
assessment process and train them in the use and interpretation of relevant
communication formats.
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3.8 Potential for harmonised approaches

Harmonisation of approaches in regulatory assessment can help to ensure quality
and improve cost-effectiveness, but its applicability to probabilistic risk assessment
requires careful consideration. US EPA (1997) noted that quantitative risk
assessment approaches are developing rapidly and stated that EPA guidance is not
intended to constrain the use of new or innovative approaches where scientifically
defensible. Similarly, in a report on microbial risk assessment, the former EU
Scientific Steering Committee (European Commission, 2003) stressed the need for
further evolution of the methodologies for quantitative risk assessment and
concluded that a quick harmonisation at the present state-of-the-art should be
avoided. These arguments seem equally valid for the assessment of pesticide risks.

Although flexibility is essential, it may not be necessary to develop every probabilistic
assessment completely afresh, because similar pesticide uses require similar
assessments. For example, assessing the same type of risk (e.g. acute aquatic) for
two insecticides with similar use patterns would probably imply similar assessment
objectives, endpoints, and models, could use similar methods and software to
combine distributions and handle uncertainty and dependencies, and similar formats
for communicating results. Only things specific to each pesticide and their specific
use scenarios need differ: e.g. their toxicities and physico-chemical properties.
Therefore, if a probabilistic assessment has been conducted for one such pesticide
and accepted by the relevant authorities, then much of the approach may be directly
transferable to other, similar pesticides. This implies increasing potential for resource
savings as examples of “accepted” assessments accumulate.

This transferability of approaches opens the possibility of establishing generic
probabilistic approaches for some of the scenarios that most frequently require
refined assessment under 91/414/EEC. This would increase efficiency both for
people conducting probabilistic assessments, and also for people evaluating them.
An essential pre-condition for the initial establishment of such generic approaches
will be thorough peer review by relevant technical experts (including ecotoxicology,
environmental fate, probabilistic risk analysis and statistics). Once established, they
could then be used in subsequent assessments without the need for detailed model
development or peer review on every occasion. Furthermore, consideration could be
given to developing customised tools (e.g. software and databases) for such generic
scenarios, similar to the FOCUS models for exposure assessment. Of course, the
suitability of generic approaches and tools should be checked for each new
assessment, and it should always remain open for assessors and decision-makers to
select new or non-standard approaches where appropriate.

PC9. EUFRAM provisionally recommends that consideration should be given to
establishing generic, peer-reviewed probabilistic approaches and tools for
scenarios that frequently require refined assessment under 91/414/EEC.

3.9 Summary checklist

NOTE: When preparing future revisions of this document, consideration will be given
to including a 1-2 page summary checklist of the approaches recommended by
EUFRAM.
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4 CASE STUDIES OF PROBABILISTIC ASSESSMENT

NOTE: It is intended in later versions to include summaries of 2 (or possibly more)
case studies at this point in the document.

5 LIST OF CONTENTS FOR VOLUME 2

Work package 3: Role and outputs of probabilistic assessments

Work package 4: Methods of uncertainty analysis

Work package 5: Probabilistic approaches for use with typical datasets

Work package 6: Reporting probabilistic assessments

Work package 7: Communicating the results of probabilistic assessments

Work package 9: Practical approaches for validation

Work package 10: Software and databases for probabilistic assessment

Work package 11: Pooling data for probabilistic approaches

6 LIST OF CONTENTS FOR VOLUME 3

Work Package 8. Case studies:

Case study 1 - Aquatic risk assessment for carbaryl
Case study 2 - Atrazine aquatic risk assessment

Case study 3 - Risk to aquatic organisms arising from exposure to ‘Herburon’ via
spray drift

Case study 4 - Acute risks to skylarks arising from a summer cereal spray

Case study 5 - Risk assessment for an organophosphate insecticide under
Mediterranean conditions

7 GLOSSARY AND ABBREVIATIONS

Assessment The output required from a risk assessment. For a probabilistic risk assessment, it
endpoint is defined by a measure of the magnitude of effects, the entities for which those
effects are to be estimated, and the ensemble of entities for which the frequency of
effects is to be estimated.

Bayesian One of two main schools of statistics. Bayesian approaches define the probability of an

statistics event as the degree of belief that a person has, given some state of knowledge, that the
event will occur. Also called the subjective view of probability, in contrast to the frequentist
view.

Bias Systematic error, e.g. a measurement or statistical method is biased if it produces

mean results that are consistently different from the “true” mean.

Bootstrapping A computational method that estimates uncertainty in population parameters such as the
mean by random sampling from observed data, generating a series of samples of equal size
to the original dataset.

Classical statistics | See Frequentist.
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Conceptual model

A written and/or graphical representation (e.g. flow chart) of the model to be used
for a risk assessment, showing the causal mechanisms leading from pesticide use
to effects on the assessment endpoint. Can also be used to show the relationships
between these mechanisms and the input data and assumptions used in the
assessment.

Confidence A range of numbers believed to include an unknown quantity with a specified degree of

interval confidence (e.g. 95%).

Correlation A quantitative relationship between two or more variables. The most familiar form
is a linear positive (or negative) relationship, such that high values of one variable
are associated with higher (or lower) values of the other.

Cumulative A function or graph expressing the probability that a random variable is less than or equal to

distribution a certain value. The CDF is obtained by integration of the PDF for a continuous random

function (CDF) variable, or summation of the PDF in the case of a discrete random variable.

Dependency Any departure from statistical independence between two or more quantities, such

that the expected value of each varies depending on the value of the other.

Deterministic

Methods that use point estimates to represent one or more factors in a risk
assessment and treat them as if they were fixed and precisely known.

Distribution A graph or mathematical function defining the relative probabilities or frequencies
of alternative values for a variable or uncertain quantity.

EC50 Effective concentration affecting 50% of tested population.

Empirical A distribution of actual data, in some cases smoothed with interpolation

distribution techniques. Data are not fit to a particular parametric distribution, but are described
by percentiles of the dataset.

Ensemble A group of entities or population of individuals. EUFRAM uses ensemble to refer to
the group of entities to which a distribution refers. The ensemble for the
assessment endpoint is the group of entities, or population of individuals, for which
the frequency of effects is estimated.

Entity EUFRAM uses entity to refer to the individual organisms or things to which the
values in a distribution relate. The entity for the assessment endpoint is the
organism, population, species, community, or ecological structure or function, for
which the magnitude and frequency of effects are estimated.

Exceedance A function expressing the probability that a random variable is greater than a

distribution certain value. The probability at each point on an exceedance distribution is equal

to one minus the probability at the same point on the cumulative distribution
function for the same variable.

Extrapolation
uncertainty

The uncertainty which results when it is necessary to extrapolate beyond the range
of a dataset, or from one type of data to another (surrogacy). Uncertainty about
how closely the extrapolated values match the true values that are being
estimated.

FOCUS FOrum for the Co-ordination of pesticide fate models and their Use.
Frequentist One of two main schools of statistics. Frequentist approaches define the
statistics probability of an event occurring as the frequency of occurrence measured in a

series of repeated trials. Sometimes called classical statistics. See also Bayesian
statistics.

Goodness of fit

Assessment of how well (or poorly) a sample of data can be described by a
hypothesised parametric distribution. Methods for assessing goodness of fit
include statistical tests and various graphical comparisons (e.g. US EPA 2001,
Cullen & Frey 1999).

HC, (e.g. HCs)

Hazardous Concentration for p% (e.g. 5%) of the species. The 5" percentile of a
species sensitivity distribution for a toxicity endpoint expressed as concentration
(e.g. LC50 or NOEQ).
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Histogram

A graph that groups the data into intervals and displays the count of observations
within each interval.

Independence

Two variables are independent if the value assumed by each variable is not related
to or influenced by the value of the other. Two events are independent if the
probability of each event occurring is not related in any way to whether the other
occurs.

Joint probability

Graphical method of combining exposure and effects distributions that share the

method/curve same x-axis (e.g. concentration) into a single output distribution or joint probability

(JPC) curve. Can be plotted in several formats, one of which is equivalent to a cumulative
distribution for the frequency of effects.

LC50/LD50 Lethal concentration/dose affecting 50% of tested population.

Maximum entropy

A method for selecting parametric distributions, which is conservative in that it
chooses the broadest distribution that is compatible with the information available.

Measurement
uncertainty

Uncertainty in measurements due to factors that cause random errors or bias in
the measurement process. Uncertainty about how closely measured values match
the true values of the quantities that are being measured.

Mixture
distribution

Use of a combination of several different parametric distributions to describe a
single dataset or theoretical population.

Model uncertainty

The component of the uncertainty concerning an estimated value that is due to
possible misspecification of a model used for the estimation. It may be due to the
choice of the form of the model, its parameters, or its bounds.

Monte Carlo A probabilistic technique which repeatedly samples distributions for input variables
to estimate the distribution of a model’s output variable. 1D Monte Carlo — all input
distributions are sampled together in every repetition of the calculation, producing
a single output distribution with no confidence intervals. 2D Monte Carlo —
distributions representing variability and uncertainty are sampled separately, so
that the combined effect of the uncertainties can be shown as a confidence interval
around the output distribution.

NOEC No observed effect concentration

Normal Familiar symmetrical bell-shaped parametric distribution, defined by its mean and

distribution variance (or standard deviation).

Parametric A theoretical distribution that is specified by one or more parameters, e.g. the

distribution normal distribution, which is specified by its mean and variance.

PDF Probability density function.

PEC Predicted environmental concentration.

Percentile The p-th percentile of a distribution is the value such that p percent of observations

fall at or below it. Percentiles (more properly called centiles) are expressed as
percentages (0-100%). Equivalent to quantiles or fractiles, which are expressed as
proportions (0-1).

Point values or

Representation of a measured or estimated quantity by a single number, instead of

estimates a distribution.

Probabilistic Risk | Risk assessments that use probabilities or distributions to quantify one or more

Assessment sources of variability and/or uncertainty in exposure and/or effects and the
resulting risk.

Probability Probabilities are used to quantify variability and/or uncertainty. The probability of something
can be defined as its frequency in repeated independent trials, or as the degree of belief
that it will occur, expressed as a proportion (i.e. a number between 0 and 1).

Probability A method for representing and combining uncertain distributions that does not require any

bounds data or assumptions about either distribution shape or dependencies among variables (see

Ferson, 2002).
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1611

1612
1613
1614
1615

1616
1617
1618

1619
1620
1621

Probability
Density Function
(PDF)

For a continuous random variable, the PDF expresses the relative probability of
different values. For a discrete random variable, the PDF expresses the probability
that the random variable is equal to a specific (discrete) value.

Problem definition

The phase in a risk assessment in which the assessment objectives and required
output (assessment endpoint) are defined.

uncertainty

Regression Relationship between two variables such that one is determined at least partly by
the other.

Risk The magnitude, frequency and uncertainty of a specified effect, event or
consequence.

Sampling Uncertainty due to estimating a population distribution or statistic from a sample of

data representing the larger population. Uncertainty about how closely the
estimated distribution or statistic matches the true distribution or statistic for the
larger population from which the sample was drawn.

Sensitivity
analysis

Analysis of the influence of alternative inputs or assumptions on the output of an
assessment.

Spaghetti plot

Graph showing multiple PDFs or CDFs plotted together, to represent uncertainty
about the true PDF or CDF. Each plotted distribution represents one possible
realisation of the true distribution.

Species A PDF or CDF of the toxicity of a certain substance or mixture to a set of species

sensitivity which may be defined as a taxon, assemblage, or community. Empirically, a PDF

distribution (SSD) | or CDF is estimated from a sample of toxicity data for the specified species set.

Surrogacy Where data or measurements on one quantity is used as a substitute for a different
quantity, e.g. because it is too difficult or costly to measure directly.

Tails Lower and upper ends of a distribution. Often important in risk assessment, and
often poorly estimated by data.

TER Toxicity-exposure ratio.

Transformation Mathematical modification or conversion of data, e.g. by taking logarithms. Often
used to improve the goodness of fit between data and a parametric distribution.

Truncation The process of setting lower and upper limits on the range of a distribution, in

order to avoid unrealistic or impossible values.

Uncertainty

Limitations in knowledge, e.g. about factors that influence risk.

Variability

Real variation, e.g. in factors that influence risk. Heterogeneity over time, space or
different members of a population.
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