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2 EXECUTIVE SUMMARY 

The objectives of this Work Package were to: 

 

�pool data, achieve a common understanding of facts, and develop harmonised 
proposals for standards and procedures on when to use probabilistic methods, 
what the outputs should be, and how to use them�   

 

The paper highlights that probabilistic risk assessment does have a role in the 
environmental risk assessment for pesticides that is carried out under 91/414/EEC.  It 
further points out that there is no clear reason why PRA can not be used for the 
whole risk assessment process; however, there was a strong desire from Partners 
involved in EUFRAM to have a simple and easy to use Tier-1 process.  Therefore, it 
was agreed that PRA should primarily be used for refining the risk once a regulatory 
threshold has been breached.   

 

It was proposed that PRA should follow a standardised format (see WP 6 � Reporting 
probabilistic assessments).  In order to assist in the uptake of PRA in the regulatory 
forum, it was proposed that, initially, regulatory risk assessments should be 
conducted using both deterministic and probabilistic approaches.   

 

As regards outputs of PRA, it was noted that current regulatory experience is limited, 
and hence it was not possible to determine, from a regulatory perspective, what 
outputs were useful and hence preferred.  Potential end-users were consulted and a 
number of various outputs were noted.  Several ideas were proposed regarding 
possible outputs, as well as more general issues involving probabilistic risk 
assessments. Some of these issues have been considered in the Case Studies 
(EUFRAM Work Package 8).   

3 OBJECTIVES 

The objective of Work Package 3 � Role and outputs of probabilistic assessments � 
is to:- 

 

�pool data, achieve a common understanding of facts, and develop harmonised 
proposals for standards and procedures on when to use probabilistic methods, 
what the outputs should be, and how to use them�   
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4 BACKGROUND 

Currently in the European Union pesticides are assessed via the EU Directive 
91/414/EEC (see Anon (1991)).  This Directive covers the risk to the operator, 
consumer and environment.  The risk to the environment covers the fate and 
behaviour (i.e. exposure) as well as the possible effects to non-target organisms.  
Non-target organisms considered under 91/414/EEC include the following:- birds, 
mammals, aquatic life (including fish, aquatic invertebrates, algae and aquatic 
plants), non-target arthropods, honeybees, earthworms, soil macro-invertebrates, soil 
microbial processes and non-target plants. 

 

The risk assessment carried out for non-target organisms is currently predominantly 
deterministic i.e. it takes single point estimates for both toxicity and exposure.  
However, it is appreciated that these values, especially the exposure value, are often 
based on a point from a distribution, for example 90th centile spray drift data used in 
determining the predicted environmental concentrations in surface water.  The ratio 
between the exposure estimate and the toxicity results in either a �toxicity:exposure 
ratio� (i.e. TER) or �hazard quotient� (i.e. HQ) which is then compared to a regulatory 
trigger value in the Uniform Principles of 91/414/EEC (Council Directive 94/43/EC).  If 
the trigger value is breached, then no authorization is granted �unless it is clearly 
established through an appropriate risk assessment that under field conditions 
no unacceptable impact occurs after use of the plant protection product 
according to the proposed conditions of use.�  This refined risk assessment 
usually takes the form of further information on the toxicity of the compound and/or 
the exposure of non-target organisms to the compound. The refined risk assessment 
can also incorporate the use of risk management measures, for example buffer 
zones to reduce the amount of pesticide entering an off-crop habitat via spray drift.   

 

The current deterministic approach uses arbitrary safety, assessment or uncertainty 
factors and leads to a qualitative final output which tends to describe the risk in terms 
of �margin of safety�, �adequate protection� or by reference to a higher tier study or 
studies.  Examples of regulatory deterministic risk assessments are presented in 
Table 1.  Such assessments tend not to provide an indication as to the magnitude or 
frequency of effects.  In addition, this type of output does not provide any indication 
as to the level of certainty associated with either the input parameters or the final 
output.  Therefore, the output from current assessments is potentially very difficult to 
understand in terms of what may occur under actual use conditions.  Or put another 
way there is generally no indication as to what is the probability that an effect will 
occur, the size of that effect and how certain the risk assessor is that it will occur.   

 



Role and outputs of probabilistic approaches 

EUFRAM Deliverable D3-2-3  4

Table 1: Examples of some possible outputs from conventional 
ecotoxicological risk assessments carried out under 91/414/EEC. 

 

Area of risk 
assessment 

Possible output from conventional ecotoxicological 
risk assessment carried out under 91/414/EEC  

Aquatic life Following assessment of a mesocosm study, it is concluded 
that the no observed effect concentration (NOEC)  was 
determined to be 1 µg/l, due to certain concerns re garding 
the mesocosm study, an uncertainty factor of 3 was used, 
hence the �safe concentration�, regulatory acceptable 
concentration� was deemed to be 0.3 µg/l.  The high est 
�predicted environmental concentration� (PEC) at FOCUS 
Step 3 is 0.3 µg/l.  Therefore, a �safe use� can be  identified. 
The uncertainty factor of 3 was considered by scientific 
assessors to address uncertainties, variability and 
unknowns in the risk assessment. 

Non-target 
arthropods 

As a result of the Tier-1 risk assessment a �hazard quotient� 
(HQ) of greater than 2 was produced (see Candolfi et al 
(2001) for details), however higher tier laboratory data 
indicate that recovery and/or recolonization of the in-field 
environment is likely within the required timeframe (Candolfi 
et al 2001).  No effects within an �ecologically relevant time 
period� are considered likely for the off-field environment. 

Birds Tier-1 assessment according to Anon (2002) indicates high 
acute risk, i.e. TERs less than 10.  Additional information on 
foraging and feeding behaviour was presented and these 
permit the revision of the proportion of diet obtained from 
the treated area (i.e. PT) and/or the proportion of different 
food types in the diet (i.e. PD) (see Section 5.6 of Anon 
2002).  The refined risk assessment indicates that the 
resulting TER is greater than the appropriate Annex VI 
trigger value. 

Earthworms Tier-1 assessment according to Anon (2002b) indicates 
high short-term risk, i.e. TER less than 10.  However, field 
trial data were submitted which indicates that under the 
conditions of the field trial, there is an initial impact but 
there is recovery by the start of the following season. 

 

In the guidance documents developed to assist in the evaluation of active substances 
and their associated products under 91/414/EEC (Anon 2002a and Anon 2002b), 
some of the above concerns with the current risk assessment techniques are 
discussed. In Anon (2002b) it is stated that the �traditional TER-based approach uses 
point estimates for the input parameters (e.g. lowest available toxicity figure, highest 
exposure level) and involves an overall factor (= critical TER) to cover the various 
sources of uncertainty.  Such a deterministic assessment has limitations with regard 
to the quantification of the risk.�  Anon (2002b) goes on to state that �this problem 
could be overcome by newly emerging probabilistic approaches�.  The guidance 
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documents also highlight some of the disadvantages of adopting a probabilistic 
approach to risk assessment.  For example Anon (2002b) notes that �for many input 
parameters reliable information on the distribution is lacking�.  It goes on to state that 
�common standard methods for the statistical calculations� are also lacking and finally 
�the result of the (probabilistic risk) assessment appears complex in nature and thus 
may be more difficult to communicate to non-experts�.  It should also be noted that in 
addition to the pros and cons highlighted in Anon (2002a and 2002b), further 
assessment is provided in Hart (2001).  Therefore, probabilistic risk assessment may 
present certain advantages, however there are also some associated drawbacks. 

 

In addition to the potential of probabilistic techniques being raised in the EU guidance 
documents (Anon 2002a and 2002b), the EU Scientific Steering Committee�s 
Working Group on the Harmonisation of Risk Assessment recommended that 
probabilistic or quantitative methods of risk assessment be considered for adoption in 
the area of environmental health (Anon 2000). 

 

In conclusion, current pesticide regulatory risk assessments are predominantly 
deterministic, comparing a ratio of toxicity with exposure to an agreed trigger value. If 
this trigger value is breached, then further work is necessary prior to a product being 
authorised for use.  This procedure has several shortcomings, namely, there is no 
quantification of the risk and no indication as to the level of certainty in the risk 
assessment.  It has been proposed that these shortcomings may be addressed via 
the use of probabilistic risk assessment. 

5  WHAT IS PROBABILISTIC RISK ASSESSMENT (PRA)? 

Probabilistic risk assessment is the term used in pesticide risk assessment to 
describe �quantitative risk analysis� or �uncertainty analysis�.  In essence it is the use 
of probability theory to characterize both toxicity and exposure.  It is usual to consider 
the description of toxicity and exposure in terms of distributions.  However, as 
probabilistic methods are a mixture of statistics and mathematics they can be 
distribution free and therefore would be referred to as �descriptions�.  These 
distributions (or descriptions) of toxicity and exposure may then be combined to 
produce distributions (or descriptions) of the predicted risk or impact. These 
distributions (or descriptions) of toxicity and exposure demonstrate variability as well 
as the level of uncertainty.  

 

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 
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6 DOES PROBABILISTIC RISK ASSESSMENT HAVE A ROLE IN 
THE REGULATION OF PESTICIDES ASSESSED UNDER 
91/414/EEC? 

In trying to determine whether PRA has a role in the regulation of pesticides 
assessed under 91/414/EEC, we first need to consider whether PRA is compatible 
with 91/414/EEC (Anon 1991).  In Annex III of 91/414/EEC there is guidance on how 
to calculate TERs as well as where to obtain further information as regards 
environmental risk assessments (see Annex III Section 10 Introduction).  As regards 
the Uniform Principles, i.e. Council Directive 97/57/EC, there is reference to 
�appropriate risk assessment�, however it does not provide any details as to how this 
should be conducted.  Likewise, in 91/414/EEC there is no reference as to how such 
a risk assessment should be carried out.  Therefore, it is assumed that a risk 
assessment should permit the decision-takers (see Section 4 below and Anon 
2000a) to determine whether the compound and/or its� metabolites, and its� 
associated product and use, has no unacceptable influence on the environment.   

 

6.1 Where in the assessment procedure can probabilistic risk  
assessment be used? 

 

Whilst it can be concluded from the above that there are no procedural or legal 
reasons to prevent PRA techniques being used in the regulatory risk assessment 
process, there is no indication as to where in the risk assessment process it can be 
used.  In the EUPRA report (Hart 2001) it is stated that probabilistic methods could 
be �used selectively...as part of a tiered stepwise assessment process� once the 
trigger value for the first tier has been breached.  Also presented in the EUPRA 
report is a proposal that PRA methodologies could be used for the whole risk 
assessment process (see appendix 6 of the EUPRA report (Hart 2001).   

 

PRA as a risk assessment process was considered in detail in the EUPRA report and 
the strengths and weaknesses were highlighted.  This assessment was for the 
process per se and did not consider whether the strengths or weaknesses 
highlighted were more or less relevant to its use as a refinement step or when used 
for the whole process.  It can be argued that there is no technical difference between 
carrying out a PRA for the whole risk assessment process compared to using it as a 
refinement step.  Therefore the advantages and disadvantages, as highlighted in the 
EUPRA report, are applicable regardless of where in the assessment process PRA is 
used.   

 

Despite the fact that there is no technical difference between carrying out a PRA for 
the whole risk assessment compared to using it as a refinement step, there is 
concern regarding the quantity of data required.  The reason for this is that the 
amount of data presented at Tier-1, compared to that available at higher tiers, is 
usually relatively small and hence there would still be considerable uncertainty 
regarding the relevant distributions and dependencies.  (It is acknowledged that for 
certain well-studied compounds considerable data are available and hence there is 
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reduced uncertainty (e.g. Giesy et al (1999) assessment of chlorpyrifos, Solomon et 
al (1996) assessment of atrazine.)  However, in reality few pesticides will approach 
this level of data.) 

 

Although there is no technical difference between carrying out a PRA for the whole 
risk assessment process compared to using it as a refinement step, the majority of 
regulators and risk assessors involved in the pesticide regulatory arena prefer a 
simple Tier-1 assessment.  This preference is based on the need to carry out risk 
assessments with the most efficient use of resources.  Tier-1 assessments aim at 
identifying compounds that are clearly acceptable and do not require further work, 
where �acceptable� is defined by the appropriate threshold values presented in the 
Uniform Principles of 91/414/EEC.  Currently, Tier-1 risk assessments use a 
standardised assessment model, where the outputs from standard toxicity studies 
are compared to outputs from standard exposure models.  The resulting output, 
either a TER or HQ, is then compared to the regulatory threshold and the result is 
either a pass or fail.  

 

From the above it can be concluded that it is technically possible to use PRA 
approaches for the whole risk assessment.  However, those involved in routinely 
carrying out risk assessments for pesticides consider that the Tier-1, or screening 
step, should be simple and hence it was felt that PRA should be one of the options 
open for refining the risk should a regulatory threshold be breached.   

 

7 WHAT ARE THE POSSIBLE OUTPUTS OF A PROBABILISTIC 
RISK ASSESSMENT? 

 

7.1 Who uses the output from PRA? 

 

In order to determine what the possible outputs of a PRA could be we first need to 
consider who the audience is.  In a report produced by Oxera (Anon 2000a), for the 
UK Health and Safety Executive, it is stated that there are four functions in the 
scientific advisory process:   

 

••••    decision-taker � a person with the authority to take a policy dec ision.  This 
may be a government Minister, or a person or body with the delegated 
authority to take a decision in the name of a Minister; 

••••    policy-maker � a person or organisation charged with assisting a decision-
taker in reaching a decision by providing policy analysis, generating policy 
options, or by conducting risk assessment (policy has been interpreted to 
include regulation); 
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••••    scientific adviser � a person or organisation responsible for providi ng 
scientific input to �policy-making� or �decision-taking�.  This includes both 
scientists expert in narrow disciplines relevant to the problem in question, and 
more broadly-based scientists able to integrate several disciplines, and those 
within and outside the civil service; 

••••    stakeholder representative � a person or organisation representing the 
interests and opinions of a group such as farmers, industry, and non-
government organization with an interest in the outcome of a particular policy 
decision.  The section can also include members of the public. 

 

If it is accepted that scientists carrying out a regulatory risk assessment fit into the 
science adviser role, then the output from their assessment would be used by the 
policy-maker to help the decision-taker in reaching an appropriate conclusion.  It 
should be appreciated that in reaching any decision the �decision-taker� would 
consider several other areas, e.g. economic and social issues.  The output would 
also be used by the stakeholder representative to enable them to determine whether 
their concern has been addressed.  Therefore, the output from a risk assessment has 
to be sufficiently transparent to be used by non-scientists in deciding, along with 
other information, the policy to follow.   

 

Individuals or organisations are not referred to by the above titles in the current EU 
regulatory process.  However, it is possible to compartmentalise either individuals or 
organisations into the above categories.  Outlined in Table 2 is how each 
organisation or individual fits in. 

 

Table 2:  Characterisation of decision-taker, policy-maker, scientific adviser or 
stakeholder representatives. 

 

Title Organisation/individual 

decision-taker Commission and Member States (MS) at the Standing Committee 
on the Food Chain and Animal Health (Pesticides Legislation) 
(SCFA) or Council.  

policy-maker Individual MS regulatory organisations and associated Ministries 
and Departments, Commission services. 

scientific adviser European Food Safety Authority (inc Praper process,  and the 
Panel on plant protection products and their residues (PPR)), 
scientific specialists from individual MS. 

stakeholder 
representative 

Non-governmental organisations, conservation organisations, 
European Crop Protection Association, farmers and growers etc.  

 

In the EU regulatory process, the ultimate end-users are representatives from the 
Commission or MS who sit on the SCFA.  However, as can be seen from Table 2, 
there are many specialist and non-specialist organisations involved in the overall 
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assessment/decision making process and it is essential that each are content with, 
and hence understand, the output from PRA.  

 

7.2 What could the outputs of PRA be? 

 

A wide variety of outputs have been used in PRA and some of these were presented 
in Section 6.2 of the preliminary paper produced for this Work Package.  Whilst it was 
acknowledged that some of these outputs had been considered in the regulatory 
arena, what was not known was whether any of these outputs were useful to 
stakeholders and especially decision-takers.  In order to address this issue Members 
of this Work Package (WP), along with representatives from WP6, 7 and 8 were 
requested to consult potential stake-holders in order to obtain views on potential 
outputs.  Responses were forwarded on to WP8 (Case Studies) so that they could 
consider the views and incorporate them into the case studies. 

 

Following on from this, WP members were consulted regarding the following issues: 

 

1. What types of output do you want?  

 

2. What scale should be used for the assessment and output (field, landscape, 
country or EU level)? 

 

Responses on the above questions are presented below.   

 

7.2.1 What types of output do you want?  

 

In order to address this question, the views of some of the key organisations, as 
outlined in Table 2, as well as Work Package Members were sought on approaches 
used in the regulatory context.  

 

It was clear from the responses received that there is, at present, extremely limited 
experience of PRA in the environmental regulatory context.  As regards decision 
making at the EU level experience seems limited to examples 1, 2 and 3 in Table 3.   
In example 1, a species sensitivity distribution approach was used to reduce the 
uncertainty factor from 10 to 1.  This refinement step indicated that the worst case 
surface water PEC would be equivalent to the NOEC for 0.5% of species.  In 
example 2, concern was initially raised regarding the risk to groundwater.  However, 
on the basis of a spatial assessment the risk was refined to indicate the percentage 
of crop area that was potentially at risk.  In addition to this refinement step, weather 
data were also used to provide a temporal element to the assessment.  These two 
assessments use limited PRA techniques to refine the risk assessment.  However, 
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both were considered by the Commission Working Group Evaluation meeting and 
used to reach a positive recommendation as regards Annex I listing.  It should be 
noted that these assessments only use PRA methodologies to a very limited extent.  
They do not consider fate and effects, nor do they separate uncertainty and variability 
or make an attempt to quantify all the uncertainty or variability as far as possible.  
Despite these shortcomings, the use of this approaches have been considered 
appropriate in the regulatory forum to make decisions regarding the appropriateness 
of Annex I listing.  

 

In example 3 a PRA was carried out by the Notifier to quantify the risk to birds from a 
granular formulation of aldicarb.  The assessment indicated that an impact at the 
local level was predicted, however it was considered that effects at the population 
level were unlikely (see 
http://europa.eu.int/comm/food/plant/protection/evaluation/exist_subs_rep_en.htm 
and http://www.pesticides.gov.uk/acp.asp?id=303).   

 

The above deals with the EU Annex I assessment process, but it is possible to use 
novel techniques to assess particular uses at the MS level.  Example 4 provides such 
an illustration of this.  When the risk assessment was carried out at MS level, a risk to 
aquatic macrophytes from the active substance entering surface water via drainflow 
was identified.  Tier-1 risk assessment indicated that the TER based on a Lemna spp 
study and an initial estimate of drainflow (based on the UK drainflow model � see 
http://www.pesticides.gov.uk/psd_pdfs/registration_guides/data_reqs_handbook/env
_fate.pdf ) was below 10. Therefore a refined risk assessment was required.  This 
assessment examined the exposure component and determined the risk in terms of 
the frequency that a �safe concentration� is exceeded.  The �safe concentration� was 
defined as the regulatory end point from a Lemna study divided by an uncertainty 
factor of 10.   This approach has been used in the UK and considered by the UK 
Advisory Committee on Pesticides (The ACP is a statutory body set up by Ministers 
under the Food and Environment Protection Act 1985 to advise them on all matters 
relating to the control of pesticides.)  Whilst, the �frequency of exceedence� approach 
has been used, it should be noted that the acceptability of the frequency that a �safe� 
concentration is exceeded is a risk management one and not a scientific one. 
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Table 3: Outputs from PRA used in either the regulatory risk assessment 
process for Annex I listing or product authorisation a MS level. 

 Output Source 

1 �From the probabilistic distributions, it was calculated that 
less than 0.5% of fish species would have a NOEC value 
less than the worst case PECsw from multiple application 
at 1 m.  This indicates that at the worst-case PECsw, less 
than 1 in 200 species of fish would be expected to 
demonstrate any mortality whatsoever.  Given that there 
are only approximately 190 fish species in Europe, it can 
be concluded that the NOEC values from the fish toxicity 
studies conducted will be protective of the vast majority of 
fish species.� 

Example supplied by PCS 

2 On the basis of FOCUSgw modelling, it was established 
that for the target crop growing area in the region being 
considered, the overall probability of the active substance 
contaminating groundwater at concentrations greater than 
0.1 µg/l was 1.3%.   

Example supplied by PCS 

3 Assessments made on the basis of the information 
submitted have not demonstrated that it may be expected 
that, under the proposed conditions of use, plant 
protection products containing aldicarb satisfy in general 
the requirements laid down in Article 5(1)(a) and (b) of 
Directive 91/414/EEC, in particular with regard to its 
possible impact on non-target organisms. It is appropriate 
to take this decision in view of the high risk of aldicarb in 
its present granular formulation in particular to small birds. 
Data submitted by the notifier for the proposed 
representative uses indicate that granules will remain on 
the soil surface after treatment. The possibility of a lethal 
intake of granules by small birds cannot be excluded. A 
probabilistic risk assessment was prepared by the notifier 
and evaluated by the rapporteur Member State who 
concluded that effects on national populations would not 
be expected although some local impact might occur. It 
must be taken into consideration that agreed criteria for 
the interpretation of such a probabilistic risk assessment 
are not yet consolidated and it would not be appropriate, 
in view of the possible risks, to delay decision-making 
further until such criteria are agreed. 

Example from the Council 
Decision of 18 March 2003 
concerning the non-
inclusion of aldicarb in 
Annex I to Council Directive 
91/414/EEC and the 
withdrawal of authorisations 
for plant protection 
products containing this 
active substance. 

4 �A frequency of exceedance X of a TER Y was considered 
to be acceptable on the basis of an exposure estimate 
that covered z% of the UK wheat growing area.  Toxicity 
data from a Lemna study were used to generate the TER, 
however reassurance was obtained from toxicity data on 
additional species.  

Example from PSD 

 

When the views of the WP Members were requested on which type of output they 
preferred, it was highlighted, that the output should be what decision-takers want or 
need rather than what the scientific assessment wants to supply.  

 

With the above issue in mind, Case Study 3 (see Work Package 8) was presented to 
the UK Environmental Panel of the ACP.  The Environmental Panel is a sub-
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committee of the ACP and is made up of expert ecologists, ecotoxicologists, fate and 
behaviour specialists as well as lay representatives and policy advisers.  Using the 
terminology presented in Section 7.1 above, they are predominantly scientific 
advisers.  However, as they also contain lay people and policy advisers they provide 
an extremely useful forum to discuss the appropriateness of the regulatory 
approaches.  Therefore, it was considered appropriate to seek their views on the 
appropriateness of outputs from probabilistic risk assessment. The Panel considered 
that the frequency of exceedence approach was more scientific than the toxicity-
exposure ratio used at the Tier-1.  However, the Panel highlighted that such an 
output required careful and interpretation to ensure that decision-takers make 
appropriate and consistent recommendations or decisions. 

 

In addition to the above views were submitted on various PRA approaches that had 
been used within the regulatory forum, but were not related to specific authorisations.  
These views are presented in Table 4. 
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Table 4:  Outputs of PRA not related to specific authorisations. 

Output Comments Example  

Exceedance plot showing 
probability of exceedance 
on y axis and % mortality 
of birds on x axis.  

 

 

Result of research funded by UK 
PSD/Defra.  The outputs have been 
used in presentations to conferences 
and the UK Environmental Panel of 
the ACP, and in published paper 
(Hart, 2003). 

 

Exceedance plots need significant 
amount of explanation. This can be 
done, for example, by putting arrows 
on to the graph to show how to read 
across and down at different points.  
However, it is likely that the output 
will also need to be explained in 
detail.  

The assessment relates 
to the local population of 
blue tits around treated 
orchards and is 
presented in Hart, A. 
2003. Probabilistic 
assessment of pesticide 
risks to birds. In: 
Environmental Fate and 
Effects of Pesticides, 
J.R. Coats and H. 
Yamamoto, eds., 
Chapter 16. ACS Books, 
Washington, DC. pp. 
271-286. 

Table showing average % 
mortality of blue tits 
around treated orchards, 
and probabilities that this 
exceeds 1% and 10%. 

 

Origin of this work is as above. 

 

Probably more easily understood 
than exceedance curve. But only 
show results for three points 
(average, 1% and 10%). (It should be 
noted that the word average is 
misleading as the assessment 
assumes there is one true value for 
% mortality. It should be replaced 
with the 5th, 50th and 95th centile 
estimates for % mortality.) 

The disadvantages of a table is that it 
is less visual than a graph and there 
needs to be agreement on the end 
points of interest.  This latter point 
means that the �decision-taker� needs 
to specify the level of protection 
before the assessment is done.   

As above. 

Tables showing % TERs 
<10, and 10th and 90th 
centile TERs. In one 
version, with 95% 
confidence bounds on 
each. Also showed 
deterministic TER based 
on same data. 

The UK Environmental Panel of the 
ACP considered it was appropriate to 
compare deterministic and 
probabilistic results side by side. 
They liked that the distribution of 
TER�s was easy to compare with the 
deterministic TER. But they also 
complained that a TER wasn�t 
ecologically meaningful. This 
suggests that showing all 3 types of 
result together could be a good 
strategy until people gain familiarity � 
i.e. deterministic and probabilistic 
TERs and a more ecologically 
meaningful probabilistic endpoint.  

Appendix 2 in Hart, A. 
2002. Project PN0920: 
UK case studies on 
quantitative risk 
assessment. Final report 
to DEFRA. York, Central 
Science Laboratory. 
Available at 
http://www.pesticides.go
v.uk/ 

 

 

WP members indicated that both the distribution of TERs and an output showing 
severity, frequency and likelihood of effects were desirable.  It was considered 



Role and outputs of probabilistic approaches 

EUFRAM Deliverable D3-2-3  14

desirable to have both approaches for the same assessment as this could aid the 
incorporation of a novel risk assessment technique into the regulatory forum.   

 

In addition to the above, general views were obtained, and these are summarised 
below:- 

 

1. Assessments should be as simple as possible � Simplicity would ensure that 
results would be more likely to be taken up by stakeholders.  The concepts used 
in any regulatory risk assessment should, ideally, be as simple as possible.  It is 
important that all potential end-users are familiar with concepts being used and 
agree with their use.  It is also important that all the underlying data are from 
acceptable regulatory studies.   

2. Assessments should use standardised and agreed scenarios � As highlighted 
above, from a regulatory perspective, approaches need to be consistent, 
therefore, it is ideal, where possible, to have a set of agreed scenarios.   
Standardised scenarios would reduce the likelihood of rejection by regulators due 
to novel or unknown approaches being used.    

3. Assessments should be to an agreed format �The presentation of probabilistic 
risk assessments, including consideration of uncertainty and variability, should be 
presented in a standardized manner.  Standardised reporting would, as (2) above, 
reduce the likelihood of rejection by regulators due to novel or unknown 
approaches being used.  (See Work Package 6 for further details.)  

4. Comparison of conventional deterministic approach with PRA approaches � 
Regulatory probabilistic risk assessment should be accompanied with a 
deterministic assessment.  This should allow for a comparison of the techniques 
and outputs and should also ensure that regulators and other end-users become 
familiar with the new methodology whilst working with the status quo.  

 

Following discussion at the End-User Workshops it was highlighted that a potential 
obstacle for PRA was the output of a PRA and in particular its� interpretation in 
relation to the current regulatory trigger values.  For example all regulators are able 
to interpret a TER if it is greater than the Annex VI trigger value; however if the output 
of a risk assessment is in proportion or fraction of species affected, it is not possible 
to use it as easily.  In order for this potential obstacle to be addressed it is necessary 
that the output is consistent with the Tier-1, insofar as it needs to be in line with the 
regulatory threshold.  This does not necessarily mean that the output from a PRA has 
to be expressed as TERs or HQs, although such an approach may be convenient 
due to the familiarity of the approach; what it does mean, is that the output needs to 
be comparable in terms of level of protection (e.g. the number or percentage of 
species protected by the standard default uncertainty or assessment factors).  One 
way to address this point is to determine the level of protection afforded at Tier-1, 
e.g. the level of protection provided to birds following the use of one LD50 and an 
uncertainty factor of 10.   
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Once the level of protection at Tier-1 has been determined, the output of a PRA can 
then be compared to see if the potential effect is greater or less than would be 
acceptable at Tier-1.  In order to do this it would be necessary to determine the level 
of protection for all Tier-1 scenarios.  However, as stated above, Tier-1 assessments 
include a number of worst-case assumptions and safety/uncertainty/assessment 
factors. It will be very difficult to quantify the level of protection afforded by these 
assumptions and hence it could vary on a case-by-case basis.  It may, however, be 
possible to use the existing first tier as a reference point and produce a probabilistic 
estimate of what the risk would be, if the Tier-1 assessment had produced a result 
exactly equal to the decision criteria in Annex VI of Directive 91/414/EC. This could 
then be used as a reference point for comparing to the higher tier probabilistic 
assessment, e.g. by plotting distributions for the two assessments together.  Such a 
reference point might be helpful for decision-making. For example, if the higher tier 
assessment produced a lower probabilistic risk than an acceptable Tier-1 
assessment, it might be reasonable to conclude that the higher tier assessment was 
also acceptable. Cases where the higher tier risk exceeded the reference point would 
require more consideration.  Examples of using Tier-1 as a reference point were 
discussed briefly at the Third End-User Workshop and examples were included in the 
case studies discussed at the workshop.   

 

7.2.2 At what scale should the assessment be carried out?  

 

Views on the appropriate scale that an assessment should be carried out at were 
obtained from the same sources as above.  The responses indicated that the scale 
should be relevant to the scale of concern.  It was also noted that there should be the 
ability to put the assessment into a wider context.  Relevant scale was defined in 
landscape terms, e.g. vulnerable soils as well as in genetic terms, e.g. scales 
relevant for population genetics.   

 

In examples 2 and 4 in Table 3, the output can indicate the frequency of exceeding a 
�safe� concentration for all water bodies, or for just those vulnerable water bodies.  
Decision-takers may be interested to know both levels of risk prior to making a 
decision.  As regards avian risk assessment, Anon (2002) indicates that the Tier-1 is 
at the field-scale; however, when refining the risk assessment it may be more 
relevant, depending upon the focal species being considered, to assess the risk at 
the landscape scale.   As a general principle, exposure should be assessed over the 
spatial and temporal scale relevant to the individual, i.e. their foraging range.  Effects 
should then be aggregated over whatever spatial scale is considered relevant to the 
population of concern (e.g. local, regional, national etc).  This means that, although 
exposure of each individual should be assessed within its own range, this needs to 
be repeated for each individual.   

7.3 Conclusion  

From the above, the following can be concluded:- 

1. Regulatory experience of PRA in the decision making process is currently very 
limited. 
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2. Regulatory approaches are currently limited to spatial scale assessments, 
frequency of exceedence of a �safe concentration�.  �Species sensitivity 
distribution� have been used in the regulatory forum to reduce uncertainty or 
assessment factors.  

3. Regulatory risk assessment should follow a standardised format, using where 
possible, agreed models, assumptions and refinement steps. 

4. Assessments should be conducted using deterministic and probabilistic 
approaches, as this will allow for comparison of techniques and outputs. 

8 CONCLUSION 

The objectives of this Work Package were to: 

 

�pool data, achieve a common understanding of facts, and develop harmonised 
proposals for standards and procedures on when to use probabilistic methods, 
what the outputs should be, and how to use them�   

 

The paper highlights that probabilistic risk assessment does have a role in the 
environmental risk assessment for pesticides that is carried out under 91/414/EEC.  It 
further points out that there is no clear reason why PRA can not be used for the 
whole risk assessment process; however, there was a strong desire from Partners 
involved in EUFRAM to have a simple and easy to use Tier-1 process.  Therefore, it 
was agreed that PRA should primarily be used for refining the risk once a regulatory 
threshold has been breached.   

 

It was proposed that PRA should follow a standardised format (see EUFRAM WP 6 � 
Reporting probabilistic assessments).  In order to assist in the uptake of PRA in the 
regulatory forum, it was proposed that, initially, regulatory risk assessments should 
be conducted using both deterministic and probabilistic approaches.   

 

As regards outputs of PRA, it was noted that current regulatory experience is limited, 
and hence it was not possible to determine, from a regulatory perspective, what 
outputs were useful and hence preferred.  Potential end-users were consulted and a 
number of various outputs were noted.  Several ideas were proposed regarding 
possible outputs, as well as more general issues involving probabilistic risk 
assessments, e.g. standardized formats and scenarios. Some of these issues have 
been considered in the Case Studies (see WP 8).  Further development of these 
issues will be via WP 8 and the End-user Workshops.   

9 RECOMMENDATIONS FOR FURTHER WORK 

From the above the following further work has been identified: 
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1. Work is required to enable the output of a PRA to be compared to the decision 
making criteria at Tier-1. One possible way forward is the use of a threshold type 
approach outlined in the case studies presented at the last end-user workshop. 

 

2. Suitable models need to be developed that can be used in regulatory risk 
assessment.  This is to ensure that decision-taker or takers have consistent and 
hence comparable risk assessments on which to base their decisions on. 
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11 ABBREVIATIONS 

 

Abbreviation Definition 

DT50/DT90f Disappearance time 50% (90%); the time it takes in a 
dissipation study until 50% or 90% of the initial amount or 
concentration has disappeared.  The subscript f denotes 
field. 

EAC Ecologically Acceptable Concentration 

EC European Community 

EC50 Effective Concentration 50 � the concentration  at which there 
is 50% effect (eg immobilization of Daphnia magna) of the 
test population 

EER expected ecological risk 

ESCORT European Standard Characteristics of Non-target Arthropod 
Regulatory Testing 

ETE Estimated Theoretical Exposure 

EU European Union 

EUPRA European Workshop on Probabilistic Risk Assessment for 
the Environmental Impact of Plant Protection Products. 

HQ Hazard quotient, i.e. exposure/toxicity � used i n honeybee 
and non-target arthropod risk assessment 

JPC joint probability curves 

LC50 Lethal Concentration 50 � the concentration at  which there is 
50% mortality on the test population 

LD50 Lethal Dose 50 � the dose at which there is 50 % mortality on 
the test population 

LR50 Lethal Rate 50 � application rate causing 50% mortality of 
the test population 

MS Member State 

NOEC No Observed Effect Concentration � highest con centration in 
a dose response test which is not statistically different from 
the control 

NOEL No Observed Effect Level  � highest dose in a dose 
response test which is not statistically different from the 
control 

OECD Organisation for the Economic Cooperation and 
Development  

PEC Predicted Environmental Concentration 
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Abbreviation Definition 

PRA Probabilistic Risk Assessment 

RCR risk characterization ratio 

SSD species sensitivity distributions 

TER Toxicity-Exposure Ratio 

US EPA United States Environmental Protection Agency 
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2 OBJECTIVES 

To share knowledge, achieve a common understanding of facts, and develop 
harmonised proposals for standards and procedures on methods of uncertainty 
analysis when assessing pesticide risks, including key principles of best practice, 
suitable for adoption in the EU. 

3 BACKGROUND 

 

This chapter describes common methods of probabilistic risk assessment that are 
suitable for assessing pesticide risks. The methods are discussed in isolation of each 
other and no attempt is made to prescribe how they would be used on a real 
problem. What appears to be a real problem in Section 4 is merely a vehicle for 
illustrating the methods. Illustrations of how these methods are used on real 
problems are given in the case studies (WP8 and elsewhere). This chapter was 
developed and evolved during the course of the project. 

4 METHODS 

4.1 Introduction 

 

Deterministic risk assessment in pesticide regulation involves combining a single 
fixed measure of toxicity with a single fixed measure of exposure in order to compute 
a measure of risk.  In Europe a Toxicity Exposure Ratio (TER) or it�s inverse Risk 
Quotient (bees, non-target arthropods) is computed.  In an early tier 1 assessment 
the measure of toxicity will be the smallest NOEC (or LD50) from a number of species 
and the measure of exposure will be a conservative estimate of exposure computed 
assuming worst case assumptions.  A TER ratio that takes a high value, i.e. greater 
than 5 or 10, indicates relative safety, whilst a low value indicates a relative risk.  If a 
compound fails at tier 1, the assessment may be refined via one or more steps that 
may include additional studies or additional modelling.   

 

In probabilistic risk assessment (PRA) we seek to refine the assessment by 
recognising that toxicity varies between species and that exposure varies in time and 
place.  This involves fitting frequency distributions to measures of both toxicity and 
exposure and then combining the distributions in appropriate ways in order to create 
a distribution of risk.  The precise approach to combining distributions will vary and 
depend upon the problem being addressed.  This paper therefore merely draws 
attention to methods in the PRA toolbox.  Appropriate approaches to applying the 
methods will be explored in the case studies (WP8 and elsewhere).              

 

Practitioners of PRA draw a fundamental distinction between uncertainty and 
variability.    Variability refers to real variation that we cannot change, for example 
toxicity varies between species and exposure varies between time and space.  
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Uncertainty refers to limitations in knowledge that can, in principle, be reduced: for 
example, there is uncertainty when we extrapolate toxicity from a small number of 
tested species to other (untested) species, and there is uncertainty when we 
extrapolate from mathematical models of exposure to the real world.          

 

An important type of uncertainty is parameter (or sampling) uncertainty.  Suppose we 
transform a number of LD50s onto the log10 scale and then compute the sample 
mean ( x ) and sample variance (s2). As part of our PRA we might repeatedly sample 
from a normal distribution with these parameter values, but we would only be taking 
account of variability.  In order to take account of both uncertainty and variability we 
must recognise that the sample mean and sample variance are estimates, not the 
true values.  A number of tools exist to enable us to sample from uncertainty 
distributions, including both 1-D and 2-D Monte Carlo, which are described in 
Section 4.7. Since the precision with which we can estimate parameters is partly 
determined by sample size, we can improve precision, and hence reduce sampling  
uncertainty, by increasing sample size. 

 

Besides sampling uncertainty there many other forms of uncertainty that are not 
nearly so easy to quantify.  Examples include measurement error or bias, choice of 
frequency distribution, difference between lab and field.  These sources of 
uncertainty are a result of ignorance, or lack of knowledge, and can, in theory, be 
eliminated or reduced by acquiring additional knowledge, but in practice this may be 
difficult.     

 

Section 4.2 discusses problem formulation.  Section 4.3 provides general guidance 
on fitting distributions.  Sections 4.4 and 4.5 discuss distributions for measures of 
toxicity and exposure respectively.  Section 4.6 discusses ways of combining 
distributions of toxicity and exposure in order to produce a distribution of risk. Finally 
Section 4.7 presents a number of tools for combining distributions of toxicity and 
exposure. 

4.2 Assessment objectives 

 

A clear set of objectives is a necessary precondition for a successful, quality risk 
assessment. The following checklist will help with setting of objectives and is loosely 
based on the principles for ecological risk assessment outlined in USEPA (1998) and 
is a good starting point for EUFRAM. Key points include:  

��Ensure the assessment endpoint is appropriate for the management goal and 
expressed in probabilistic terms.  

��Develop a conceptual model that represents the mechanisms of exposure and 
effects and links available data to the assessment endpoint.  

��Systematically examine the model to identify significant sources of uncertainty 
and variability, and dependencies.  

��Write the model as formal equations.  
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��Check that the model is constructed at appropriate levels of temporal, spatial 
and biological scale. 

��Check that any averaging or aggregation is done at appropriate levels of each 
scale.  

��Decide on appropriate methods for propagating uncertainty and variability 
through the model and for incorporating dependencies.  

 

4.3 General issues connected with fitting distributions 

 

4.3.1 What is a probability distribution 

 

Much of applied statistical methodology boils down to fitting probability (or frequency) 
distributions to data.  In order to illustrate the concept of a frequency distribution we 
will use the normal distribution, a very familiar distribution, and one that is 
extensively used within probabilistic risk assessment.  The normal distribution has 
two parameters, the mean, denoted µ, and the variance, denoted σ2. (The word 
parameter has a very specific meaning in statistics but the precise meaning depends 
on the philosophy underpinning the methodology � se e below.)  It is often presented 
as a probability density function (pdf) with formula: 
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in which X is a random variable.  This formula is often expressed graphically as in 
Figure 1:  

 

Figure 1:  Probability density function (pdf) for a normal distribution. 
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The normal distribution is thus a curve that is symmetric about the mean.  The area 
under the curve is equal to 1.  The probability that X takes a specific value is 
infinitesimally small, but the probability that X takes a value within an interval is equal 
to the area under the curve between the boundaries of the interval.  The width of the 
distribution is determined by the standard deviation, σ (the square root of the 
variance).  Very roughly an interval ± σ either side of the mean encloses 68% of the 
distribution, ± 2σ encloses 95% of the distribution, and ± 3σ encloses 99%.  A 
cumulative distribution function (cdf) is an alternative way of presenting the normal 
distribution (see Figure 2).  Here the value on the Y-axis corresponding to a specific 
value of x (the random variable) is the probability that X takes a value less than or 
equal to that value.   

 

 

Figure 2: Cumulative distribution function (cdf) for a normal distribution 
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The normal distribution is simply one of many different distributions that could be of 
use in PRA.  For thorough discussions of many relevant distributions see Hastings 
and Peacock (1975), Johnson et. al. (1995a), and Johnson et. al. (1995b). 

 

4.3.2 The classical approach to fitting distributions 

 

Within statistical inference there are two competing approaches, theories or 
philosophies:  classical inference and Bayesian inference. 

 

In classical inference it is assumed that some population (collection) of numbers 
exists and the relative frequency of different values within the population is 
consistent with some theoretical frequency distribution (e.g. a normal distribution).  
The parameters of the frequency distribution (e.g. µ and σ for a normal distribution) 
are constants of unknown value, and the objective is to obtain point and interval 
estimates for them.  We start by taking a random sample from the statistical 
population of interest and calculating sample values that are then interpreted as 
estimates of population values.  For example, for the normal distribution the sample 
mean, x , and the sample variance, 2S : 
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are often used as estimates of the population mean and population variance.   

 

Because individuals within a population vary, and because samples are collections 
of individuals, then sample values, such as the sample mean and the sample 
variance, will vary from one sample to another.  In some cases it is possible to 
specify the precise mathematical form of the distribution of the sample values.  So, 
for example, when the original population is normally distributed the sample mean 
follows a normal distribution with mean µ and variance σ2/n, where n is the number 
of observations in the sample, and the sample variance follows a scaled chi squared 
distribution with (n-1) degrees of freedom. 

 

If the distributional form for a sample value is known then interval estimates 
(confidence intervals) can easily be constructed.   The idea will be illustrated for the 

sample mean from a normal distribution.  It can be shown that ( ) nSx 2µ−  follows 
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a Students t-distribution with (n-1) degrees of freedom.  Then, for 95% of samples 
drawn from the population  

 

( ) 975.0
2

025.0 tnSxt <µ−<  

 

where t0.025 and t0.095 are the values that cut off the lower and upper 2.5% tails of the 
t-distribution (n-1 degrees of freedom).  A simple rearrangement of this expression 
allows us to state that for 95% of samples: 

 

nStxnStx 2
025.0

2
975.0 +<<− µ  

 

Strictly speaking, in the classical approach, this interval is interpreted as follows: for 
95% of samples drawn from the population the interval will include µ.  Thus it is a 
probability statement about the interval, not about µ.  In the classical approach µ is a 
constant, does not vary, and so does not lend itself to probability statements.     

 

4.3.3 The Bayesian approach to fitting distributions 

 

The starting point for Bayesian inference is Bayes theorem, which is a non-
controversial way of computing the probability that an event will occur, conditional on 
some other event actually taking place.  For a discussion on Bayes theorem see any 
good book on probability theory, such as Parzen (1960).  Bayesian inference can be 
described in a number of steps:  

 

��We again assume that X is a random variable from some distribution, such as 
a normal distribution (which we denote by N(µ,σ2)).  However, in this case the 
parameters µ and σ, rather than being constants of unknown value, are 
assumed to be random variables.  The starting point for Bayesian inference is 
therefore the specification of probability distributions, known as prior 
distributions or simply priors, for each parameter.  A considerable amount of 
thought has gone into how priors should be constructed, and text books refer 
to prior ignorance, vague prior knowledge, and substantial prior knowledge.  
Conjugate priors are a special class of distributions for which both the prior 
and posterior distributions (see below) are from the same family.  Priors can 
be based on real data (�empirical� Bayes) or simply  reflect expert judgement 
(�pure� Bayes). 

��The second step is to collect data by carrying out an experiment or survey.  
We then construct a function called a likelihood.  The likelihood expresses the 
relative probability of observing the data actually observed as a function of the 
parameter values.  
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��In the third step a fairly complex computation is carried out involving both the 
priors and the likelihood.  The outputs from this process are distributions for 
the parameters known as posterior distributions. 

��The posterior distributions for the parameters are then used to draw 
inferences.  For example, the mean (or mode or median, depending upon the 
context) of the distributions can be used as a point estimate.  Values that cut 
off tail areas (e.g. 5%) for each distribution can be used as confidence limits 
around the parameter estimates.  In Bayesian inference, however, confidence 
intervals are referred to as Bayesian posterior credible regions, Bayesian 
posterior probability regions or highest (posterior) density regions.  Because 
the parameters are considered to be random variables, the Bayesian 
philosophy permits probability statements about parameters; we therefore 
interpret 95% posterior credible regions by saying that a parameter lies within 
the region with probability 0.95.  This is quite different to the interpretation of 
the classical confidence interval.       

 

For those wishing to learn more a good introduction is presented in Barnett (1999).  
More challenging introductions can be found in Lee (2004), Berry (1996), and Box 
and Tiao (1992).  Carlin and Louis (1996) and Gelman et. al. (1995) are good 
applied texts that focus on the Bayesian approach.  Vose (2000) gives a good 
introduction to Bayesian methods in the context of probabilistic risk analysis.   

 

The Bayesian approach has much appeal in the context of ecological risk 
assessment, for which data are collected over an extensive period of time.  The 
concept of starting with a prior based on real data and then updating it in the light of 
further data could be extremely useful.  For example, if we have already constructed 
an SSD for a specific pesticide using terrestrial species and we wish to now 
construct an SSD for the same pesticide using aquatic species, the terrestrial SSD 
could form the prior.  However, whilst there are potential benefits they have yet to be 
realised or demonstrated in real practical risk assessments.   

 

4.3.4 The Classical v. Bayesian Debate 

 

There is an ongoing debate between users of classical inference (on the one hand) 
and Bayesian inference (on the other).  Classical inference is extensively used in a 
wide variety of different areas of application, often by statisticians who claim to have 
received, in training, very little instruction in Bayesian methods.  Conversely, 
Bayesian inference seems to be the domain of more academically inclined 
statisticians.  It is an active area of research and is often applied to less routine, and 
more one off, types of problem.   

 

The advocates of Bayesian methods are fond of promoting their methods as better, 
or even as correct, but their pronouncements tend to fall on deaf ears amongst the 
community of classical statisticians.  Matthews (2001) argues that the fundamental 
reason for this is that Bayesian methods have yet to pass the �cost-benefit analysis� 
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that any hard-pressed professional performs when hearing of some new technique.  
He asserts that classical statisticians have, by and large, concluded that the 
investment in intellectual effort in switching from classical to Bayes is not justified by 
the benefits.  In this respect, the Bayesian argument is not helped by the fact that 
Bayesian and classical approaches often result in identical solutions to problems. 

 

In this work package we do not attempt to address this debate. We have simply 
presented methods that we believe are appropriate, and for the most part the reader 
need not be concerned about underlying philosophy.  Where appropriate we make it 
clear when a method should be viewed as classical, or Bayesian, and in some 
instances a single method can be viewed from both the Bayesian and the classical 
perspective.  This is merely additional information for those who require more depth 
of understanding. 

              

4.3.5 Some specific recommendations 

 

Let us suppose that we have a sample of individuals and that we are satisfied that 
this sample is representative (i.e. unbiased) of some population (i.e. collection of 
individuals) of interest to us.  For example, the population could be the entire 
collection of LD50s of a specified group of avian species, or it could be the entire 
collection of exposures relevant to some risk assessment.  Suppose we wish to fit a 
frequency distribution and then estimate features of interest that we will use in a risk 
assessment.  We have here a fairly straightforward problem in applied statistical 
inference, but with many options open to us, and many decisions to take.   

 

First we should visually inspect the data by plotting a histogram of the empirical 
density function or of the cumulative distribution function.  This should tell us the 
approximate shape of the curve and help us narrow down the list of appropriate 
frequency distributions.  For example, a heavily skewed distribution might indicate a 
lognormal or a gamma distribution.  We should then fit a selection of distributions. 

 

A goodness of fit test should be used to determine whether a specific distribution is 
appropriate for the data.  A statistically significant result implies that the distribution is 
not appropriate.  However the lack of significance does not prove a distribution to be 
correct.  In practice, when several distributions are fitted to a set of data it is common 
to find several that are non significant, implying that any one of them could be 
consistent with the data.  Resolving this situation requires judgement (which should 
be based on technical knowledge, expertise and experience).  One approach is to 
use the most straightforward of the candidate distributions, which is likely to have the 
fewest number of parameters.  Another approach is to choose the distribution with 
gives the smallest p-value in the significance test.     

 

Several different goodness-of-fit tests are commonly used � for example, the chi-
squared, the Kolmogorov-Smirnoff, the Shapiro-Wilks, the Cramer von Mises, and 
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the Anderson-Darling tests.  Some software products, for example SAS (2002-2003) 
and Crystal Ball (Decisioneering, 2000) provide more than one test, and they do not 
always give consistent results, so judgement is again required. 

 

Appendix 4 discusses the power of various goodness-of-fit tests for establishing 
whether or not a distribution is normal or log normal.  By means of computer 
simulations it demonstrates, quite convincingly, that all of the commonly used tests 
are very low powered for typical SSDs comprising small numbers of .     

 

Transformation of data prior to fitting will often be appropriate.  For example, 
measures of toxicity and measures of exposure, both of which can often be 
represented by a lognormal distribution, can often be transformed onto a log scale 
prior to fitting.  If in doubt, fit the distribution both before and after transformation and 
decide which is best from the goodness of fit test. 

 

A commonly used method (often referred to as the probability plotting approach) of 
fitting a normal distribution involves fitting a straight-line regression model to the 
data.  First the sample values are ranked: the smallest value is given the value 1 and 
the largest value is given the value n.  Then all the ranks are divided by (n+1) and 
converted to the probit or probability scale (Collett; 1991). This can easily be 
performed using spreadsheet functions such as are available in Microsoft Excel. 
Finally, the probit transformed ranks are regressed against either the sample values 
or transformed sample values.  The estimate of the mean and all percentiles can 
easily be obtained from the fitted line via inverse estimation � e.g. the 50% point on 
the y-axis corresponds to the mean (50th percentile) on the x-axis, the 5% point on 
the y-axis corresponds to the 5th percentile on the x-axis. The estimate of the 
standard deviation is simply the reciprocal of the estimate of the slope.  Whilst this 
approach is acceptable, it is not recommended that confidence intervals around the 
fitted line be used to assess uncertainty � see sec tion 4.3.6. 

 

Whilst the probability plotting approach is acceptable it does seem a bit long winded, 
given that the maximum likelihood estimates of the mean and standard deviation are 
simply the sample mean and the sample standard deviation.  Its probably owes its 
popularity to the fact that it easily allows a visual inspection of the data and how well 
the distribution fits.  The fitted distribution appears as a straight line on a graph on 
which the y-axis is the probit scale and the x-axis is the measured scale.  When the 
sample values (expressed as ranks) are superimposed on the graph they will 
support the assumed normal distribution if they also fall roughly in a straight line.         

 

For some distributions the maximum-likelihood method is be preferred over the fairly 
crude approach outlined above.  The likelihood function is a function of both data 
values and distribution parameters and, for that particular set of parameter values, 
expresses the probability of obtaining the data values actually obtained.  Maximum 
likelihood estimates are the parameter values that maximise this probability.  
Optimisation techniques are therefore used to find the values of the parameters that 
maximise the likelihood.  Depending on the mathematical form of the distribution the 
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optimisation technique may be analytical, in which case the parameter estimates are 
expressed as formulae, or it may be numerical, in which case parameter estimates 
are determined via an iterative process that involves making an initial guess of the 
parameter values.  The method of least squares is identical to maximum-likelihood 
for normal data.  Many computer programs, e.g. SAS (2002-2003) and Crystal Ball 
(Decisioneering, 2000), have routines for fitting a variety of distributions. For some 
distributions, e.g. the normal, parameter estimates can be obtained directly without 
the need for numerical optimisation. 

 

The method of moments, an alternative to maximum-likelihood, is more suitable for 
some distributions such as the beta distribution.  It is a method of estimation of 
population parameters such as mean, variance, median, etc. (which need not be 
moments), by equating sample moments with unobservable population moments 
and then solving those equations for the quantities to be estimated.  For a detailed 
explanation see Mood and Graybill (1963). 

 

In theory, there is no limit to the number of distributions that we could consider, 
although in practice we are unlikely to need to try more than a handful.  Some 
distributions, such as the normal and lognormal, are well known and often used 
because experience tells us that these are suitable in a wide range of situations.  
Alternatively, very flexible distributions that can take a wide variety of different 
shapes, such as the beta and gamma distributions, are very useful when little is 
known about the shape of the distribution. The distributions found in commonly used 
computer programs, such a SAS (2002-2003) and Crystal Ball (Decisioneering, 
2000), are likely to be all that are needed.    

 

In some situations, it may be possible to improve the process of fitting distributions 
by making use of historic data.  Bayesian methods are particularly suitable for 
incorporating historic data.  Non-Bayesian approaches to using historic data have 
also been proposed.  An example is the method proposed by Luttik and Aldenberg 
(1997) for species sensitivity data (see Appendix 1).   

On occasion, it may be obvious that a sample comes from a mixture of two different 
distributions. This is easily seen as two intersecting straight lines in the probability 
plotting approach. There are many possible causes of this, but for species sensitivity, 
the cause is often two different collections of species from different taxa that, for 
physiological reasons, respond differently to the substance. The course of action 
depends upon the problem being addressed.  In some cases it may be appropriate 
to allocate all sample values to one of two (or more) groups and fit a different 
distribution to each. This would allow estimation of risk to each group.  In other 
cases, however, it may be better (from an ecological point of view) to fit a single 
distribution to all groups.    

  

Once fitted, a frequency distribution is used as part of the risk assessment 
procedure.  For a comprehensive guide to wide range of continuous frequency 
distributions see Johnson et.al. (1995a; 1995b).   

 



Methods of uncertainty analysis 

EUFRAM Deliverable D4-2-3  13 

4.3.6 Confidence intervals around fitted distributions 

 

In addition to fitting distributions to data there will be occasions when we need to 
estimate confidence limits both for parameter estimates and for fitted distributions.  
There are two main reasons.  Firstly, whenever we present a fitted distribution in 
graphical form we should also present confidence limits, lines or regions about the 
fitted curve.  A very small or narrow region tells us that there is not much uncertainty 
over the parameter values for the distribution.  Conversely a very large or wide 
region tells us that there is a lot of uncertainty and may encourage us to collect more 
data.  Secondly, the confidence limits can be used to quantify uncertainty in some of 
the probabilistic tools described in Section 4.7. 

 

This section deals exclusively with approaches to computing confidence regions 
around fitted distributions.  The section following this one (4.3.7) deals with sampling 
distributions for parameter estimators, confidence intervals for parameter estimates, 
and ways of quantifying uncertainty that can be used in probabilistic tools.  

 

We should make it clear that in this section and the next we are dealing with 
quantifiable uncertainty, such as sampling uncertainty.  Although in practice, when 
carrying out a risk assessment, non-quantifiable uncertainties should also be taken 
into account. 

 

This section discusses a number of different methods that can be used for 
computing confidence intervals around fitted distributions.  None of them are entirely 
satisfactory but some are preferred to others.  The collection of methods includes 
classical and Bayesian, parametric and non parametric.  Some methods assume a 
normal distribution, but some do not.   To illustrate and compare the methods the 
following example data set is used:  [X = 57 15 76 37 55 11 23].    This dataset could 
represent toxicity data, in which case it is common practice to work with Log10(X) 
values. 

 

When setting out to compute confidence limits one should bear in mind the following: 

 

In any given specific scenario there is never a unique confidence region, limit or 
interval.  The mathematical approaches to computing limits permit a number of 
different solutions, sometimes an infinite number of solutions, all of which perform 
identically with respect to a set of probabilistic rules, and statisticians have 
developed criteria for selecting the best from amongst a number of competing 
alternatives.  For example, later in this sub-section we discuss joint probabilistic 
confidence regions for µ and σ.  There are an infinity of different regions that all meet 
the same criteria � namely that the probability tha t region encloses the true values of 
the parameters is 95% (or 99% or whatever confidence value is being used).  Given 
this situation, statisticians have devised criteria for selecting optimal confidence 
regions.  One criteria considered to be optimal is minimum area (for two parameters) 
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or minimum volume (for three or more parameters), which can imply that values 
inside the region are more likely than values outside. 

 

The examples described in this sub-section mainly focus on the normal distribution.  
A comprehensive treatment of the subject would require a lot more space and is well 
beyond the scope of this chapter.  Furthermore, the examples described here are 
fairly technical, all of which implies that professional statistical advice should be 
sought for real problems. 

 

Kolmogorov-Smirnov (K-S) non-parametric method 

 

This method makes no assumptions about the true distribution.  It is rather 
conservative and tends to give much wider intervals than parametric approaches.  
The background theory behind the method is somewhat involved but implementation 
is straightforward. 

 

First the empirical cumulative distribution is computed as follows: 

 

Fn(x) = (number of X�s in sample ≤ x) / n, 

 

Where n is the number of values in the sample.  Fn(x) is a step function and for each 
step the lower (L(x)) and upper (U(x)) confidence intervals are computed as follows. 

 

L(x) = Fn(x)-dα,  if  Fn(x)-dα ≥ 0, 

L(x) = 0,  if  Fn(x)-dα < 0, 

U(x) = Fn(x)+dα,  if  Fn(x)+dα ≤ 1, 

U(x) = 1,  if  Fn(x)+dα > 1. 

 

The dα in these expressions is taken from a table, and the α refers to the significance 
level (if we wish to compute 95% confidence intervals then α takes the value  
(100-95)% or 5%).  Anyone wishing to study this method in more detail should 
consult Hollander and Wolfe (1999). Figure 3 shows 95% confidence intervals for the 
distribution of Log10(X). 

 

Figure 3: 95% Kolmogorov-Smirnov confidence intervals for the distribution of 
Log10(X)  
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Approaches suitable for a normal distribution (Aldenberg and Jaworska 
(2000)) 

 

Aldenberg and Jaworska (2000) focus on the use of the normal distribution for 
describing species sensitivity distributions, but the theory they describe can be 
applied more generally to any situation in which the normal distribution is 
appropriate.  They explain how the non-central t distribution can be used for 
estimating percentiles, which they call HCp, where p is the fraction of species 
affected.  The median HCp is the best estimate of the pth percentile � it overestimates 
the true percentile 50% of the time and underestimates it 50% of the time.  The lower 
HCp underestimates the true percentile 95% of the time so is the lower (one sided) 
95% confidence limit and the lower (two sided) 90% confidence limit on the pth 
percentile.  Conversely the upper HCp overestimates the true percentile 95% of the 
time so is the upper (one sided) 95% confidence limit, and also the upper (two sided) 
90% confidence limit on the pth percentile.  The paper provides tables that give 
extrapolation factors for three levels of confidence, 95%, 50%, 5%, for a large 
number of different sample sizes, and for six values of fraction affected 
(FA=1,2,5,10,25, and 50%).  In an appendix the paper also describes an algorithm 
that can be used for any level of confidence, any sample size, and any value of 
fraction affected. 

 

This method can be used to compute confidence limits for a normal distribution fitted 
to any data.  First a large number of percentiles (fraction affected) are agreed � say 
1%, 2%, 3%, ........, up to 99%.  For each percentile the lower HCp and the upper 
HCp are computed such that lower and upper together form a two-sided 95% 
confidence interval.  All of the lower values joined together form the lower confidence 
limit on the whole distribution and all of the upper values joined together form the 
upper confidence limit on the whole distribution.  For graphical display purposes, the 
precise method of joining together all the upper and lower values will be a specific 
feature of the graph plotting software. 

 

In addition to the classical approach described above, Aldenberg and Jaworska 
(2000) develop a Bayesian approach to estimating HCp values for a normal 
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distribution.  Their method of fitting the normal distribution is identical to the method 
used by Box and Tiao (1992). Non informative prior distributions are chosen for both 
µ (the population mean) and σ (the population standard deviation).  Data are then 
collected and a likelihood function set up.  Finally the joint posterior distributions for µ 
and σ are determined by multiplying the likelihood by the joint prior distribution for 
the two parameters.  Box and Tiao (1992) show that the joint posterior distribution, 
conditional on the data collected, is equal to the product of (a) the marginal 
distribution of σ and (b) the distribution of µ, conditional on σ.  They also show that 
the marginal distribution of σ is an inverse chi with a mean value equal to S, the 
sample standard deviation, and that the conditional distribution of µ|σ is a normal 
with a mean equal to the sample mean.   

 

In order to compute HCp Aldenberg and Jaworska (2000) make use of these results 
in the following way.  They repeatedly sample a pair (µ, σ) from the posterior 
distribution of µ and σ, and for each pair they plot a cumulative normal frequency.  
The result is what they call a spaghetti plot (Figure 4).  They then select a large 
number of values for fraction affected, and for each value they plot a horizontal line 
through the spaghetti plot.  Suppose p is fraction affected, then each time the 
horizontal line corresponding to p intersects with one of the cumulative frequency 
curves in the spaghetti plot then the corresponding value on the x-axis is an estimate 
of HCp.  Since the horizontal line intersects with many different cumulative frequency 
distributions there are many estimates of HCp.  The final step in the process is 
therefore to compute the lower 2.5th and upper 97.5th percentiles of the distribution of 
HCp values and to join up all of the lower values (i.e. those corresponding to different 
values of p) and all the upper values (also corresponding to different values of p).     

 

Figure 5 shows the 95% confidence intervals for the distribution of Log10(X). Apart 
from rounding errors the confidence intervals produced by the Bayesian approach 
are identical to those produced by the classical approach, and Aldenberg and 
Jaworska (2000) show theoretically why this should be the case. 

 

Figure 4: Spaghetti plot with median, lower 2.5th and upper 97.5th percentiles for a 
single value of p (fraction affected) 
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Figure 5: 95% confidence intervals around the normal distribution fitted to Log10(X) 

 
 

Box and Tiao (1992) posterior ellipses for normal distributions 

 

Having derived the joint posterior distribution for µ and σ, Box and Tiao (1992) plot 
contours of equal density surrounding the mean values for µ (the sample mean) and 
σ (the sample standard deviation).  These contours, which are elliptical in shape, are 
joint (two-dimensional) credibility regions and so are the Bayesian equivalents of 
confidence regions.  

 

Let us consider the contour that encloses 95% of the area of joint distribution.  We 
are 95% sure that the pair (µ,σ) is within the area marked out by this contour, whilst 
the probability that (µ,σ) is outside the contour is 5%.  Each point on the contour 
represents a (µ,σ) pair, so each different point on the contour represents a different 
normal distribution.  The 95% contour can therefore be used to compute a Bayesian 
95% credibility interval around a fitted normal distribution.  The procedure is as 
follows:  Select a large number of (µ,σ) pairs from the 95% contour.  For each pair 
plot a cumulative normal distribution � resulting i n a spaghetti plot.  Select a large 
number of values for fraction affected, p, and construct horizontal straight lines for 
each value of p.  The intersection points between each horizontal line and each 
cumulative distribution gives us an estimate of HCp on the x-axis.  For each value of 
p select the smallest value of HCp and join the points corresponding to different 
values of p.  This gives us the lower 95% credibility limit.  Similarly, for each value of 
p select the larges value of HCp and join the points corresponding to different values 
of p. This gives us the upper 95% credibility limit. Figure 6 shows the 95% credibility 
intervals for Log10(X) derived using the above method. 

 

A classical analogue to the above approach probably exists and may give an 
identical solution.  Mood and Graybill (1963) give one example of a joint confidence 
region but simply state that the minimum area region is elliptical and difficult to 
construct.  

 




