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1. Summary 
Plant Protection Products (PPPs) play a key role in agricultural practice and the maintenance of yield 
but are also associated with potential risks to non-target systems of human health and the wider 
environment. In general, ‘risk’ is a measure that combines both impact and the likelihood of the 
impact. A key challenge for policy makers and other stakeholders is the development of tools to 
adequately characterise these risks and to support decision making, particularly around when and 
what to spray and the interpretation of trends in relative usage and impact. As it is rarely possible to 
characterise the ‘true’ impacts of PPPs in a cost effective and consistent manner many of these 
decisions rely on the development of proxies, collectively known as Pesticide Risk Indicators (PRIs), 
which combine information on product usage, usually with the results of laboratory testing or known 
chemical properties. We review 5 categories of PRI with differing relationships in how they represent 
potential risk. For each category we highlight several examples, focusing on those with the greatest 
relevance for policy decisions in the UK or EU Member States and particularly those used in National 
Action Plans to promote the sustainable use of PPPs. Categories and indices reviewed include: 

• ‘Quantity only’ measures, which describe the amount of PPP applied based on various underlying 
measures, without reference to relative toxicity or other chemical data. Key examples include 
economic indicators of sales, the quantity of active substance applied (QA),), the number of unit 
doses (NUD), the treatment frequency index (TFI) and the standardised treatment index (STI).  

• Qualitative indicators, which rely on expert opinion or crude chemical designation such as ‘Risk 
phrases’ or chemical class as are used in the EUs harmonised risk indicators (HR1 and HR2). The 
fuzzy expert index I-Phy is discussed here due to its semi-qualitative ‘grading’ of expert opinion.  

• Weighted multi-component PRIs are a large category of quantitative indicators, which take the 
toxicity or chemical properties of a substance and combine them into a weighted mathematical 
formula (and may include splitting underlying continuous variables to represent different levels of 
perceived risk) in order to generate an overall active substance ‘score’, which is the basis for risk 
assessment. Examples detailed here include the Environmental Impact Quotient (EIQ), the 
Norwegian Environmental Risk Indicator (NERI), the Danish Pesticide Load Indicator (PLI) and 
PestScreen.  

• Exposure toxicity ratio (ETR) methods differ from the above in that they explicitly include within 
their calculation an estimation of the concentration (‘exposure’) of substance within a specified 
environmental ‘compartment’ (such as nearby freshwater) based on local conditions around 
application (e.g. recent rainfall). Risk in these measures is expressed based on the ratio of exposure 
to the toxicity, with toxicity based on testing of relevant laboratory organisms. Examples discussed 
include the Synoptic Evaluation Model for Plant Protection Agents (SYNOPS), the Environmental 
Yardstick for Pesticides (EYP), p-EMA, the Pesticide Occupational and Environmental Risk Indicator 
(POCER) and various ‘harmonised’ indicators developed through EU or OECD research efforts.  
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• Mechanistic and complex models is a catch all term used to discuss the various modelling 
frameworks used to assess the movement of PPPs through various environmental compartments, 
most notably soil groundwater and runoff. They may also be referred to as process-based or fate 
models and aim to capture the physical processes involved in the transport or movement of PPPs. 
The outputs of these models are not generally used as PRIs in their own right, but often underpin 
other approaches, particularly the exposure toxicity ratio family, and are included to provide 
scientific context. 

We briefly review the evidence base, validation, and core criticisms of the various methods discussed. 
We note the increasing evidence for inadequacy in the ‘quantity only’ methods for the prediction of 
risk as well as highlighting the general trade-off between the complexity, and specifically the data 
requirements, of an index relative to its performance under field conditions. This trade-off is important 
for decision making about PRIs and the suitability of different approaches for a) supporting farmers 
and their advisors at the micro-scale, b) supporting policy makers and other stakeholders in 
understanding the trends in PPP impact at a landscape scale, c) the administration of policy 
instruments relative to PPP usage, d) supporting regulators in the decisions around authorisation and 
monitoring of novel substances, and e) the characterisation of the wider environmental life cycle 
surrounding PPP application. We briefly review the suitability of different approaches to these 
different challenges and outline how PRIs are used in practice across various EU Member States. 

Finally, we review the data and policy environment around PPP use in the UK and the potential future 
role of PRIs within this system. We outline the challenges that the existing system of pesticide 
monitoring present for UK PRIs and briefly discuss potential ways forward in the context of the ongoing 
revision of the UK National Action Plan.  

Managing the potential impacts of PPPs on non-target systems relies on having consistent and 
interpretable proxies that can be used to inform relevant decisions makers. Here we review various 
approaches that could be used in the calculation of relevant metrics and their applicability to the UK, 
and existing data collections. One of the key challenges when discussing PRIs is the tendency for tools 
to be developed for very specific decision making and data requirements. As a result, there is a 
tendency for the proliferation of similar tools in different national and academic contexts, which makes 
it challenging to directly compare models or draw conclusions about best practice. If PRIs are to play a 
larger role, particularly in national or transnational policy, a greater emphasis on harmonisation and 
common frameworks is likely to be required, particularly around transparency and stakeholder 
engagement. PRIs have the potential to be key instruments in the management of non-target impacts 
of PPPs, and they have been applied for this purpose in several other European countries. However, 
targeted development is needed to adapt any PRIs to the specific requirements of UK policy and PPP 
use.  
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2. Introduction: Metrics for describing the non-target impacts of 
Plant Protection Products 

The importance of PPPs in agriculture 
Plant protection products (PPPs) play a key role in the maintenance of yield and food security (Cooper 
and Dobson 2007; Popp, Pető, and Nagy 2013). A recent global review estimated that the range of 
potential losses of wheat to pests and pathogens worldwide was between 10 and 28% (Savary et al. 
2019), with older estimates suggesting that across a wide range of crops, losses due to weeds alone 
may run as high as 34% (Oerke 2006). PPPs are the principal and favoured tool available to farmers 
and growers to help mitigate crop loss from harmful organisms and so increase the predictability and 
stability of crop yield (Wilson and Tisdell 2001; Carpentier and Reboud 2018). Between 1960 and 2003, 
world average yields of rice, wheat and maize more than doubled, in large part due to a 15 to 20 fold 
increase in global PPP use (Oerke 2006; Silva et al. 2019). Additionally, Cooper and Dobson (2007) 
identified 26 primary and 31 secondary additional benefits of the use of PPPs including among others, 
improvements in food safety, human disease suppression and improvements in the efficacy of farm 
labour (Lamichhane et al. 2015; Sud 2020). Part of the reason for PPP use arises from the structural 
nature of modern farming practice, with the use of high-yielding monocultures and short crop rotation 
cycles necessitating high degrees of protection from potentially devastating pest and disease 
outbreaks (Savary et al. 2019). Chemical control is often favoured due to its economic efficiency and 
ease of implementation within a conventional farming setting, and is further reinforced by the ready 
availability of cost-effective compounds as well as the strong aversion exhibited by farmers towards 
crop health risks (Carpentier and Reboud 2018; Möhring, Wuepper, et al. 2020). Increasingly PPP use 
occurs in the context of a wider programme of pest management incorporating variety choice, the 
timings of application and use of other tools to help manage pest occurrence under the framework of 
‘Integrated Pest Management’ (Peshin et al. 2009; Lee, den Uyl, and Runhaar 2019).  

Despite their importance in the delivery of consistent yields, the predominant focus of scientific and 
policy debate around PPPs has been on the non-target impacts on human health and the wider 
environment. Since the mid 60’s with the publication of works like Silent Spring (Carson 1964) 
considerable policy attention has been placed on the potential environmental and human health 
impacts of PPP use, with a number of recent reviews focusing on various aspects and policy 
instruments that could be used to minimised negative consequences (Bourguet and Guillemaud 2016; 
Kim, Kabir, and Jahan 2017; Lee, den Uyl, and Runhaar 2019; Dereumeaux et al. 2020; Sud 2020). One 
of the key challenges in characterising and controlling the impact of PPPs lies in the issue of 
measurement and the choice of indicators used to inform policy and application decisions.  

Outside of highly controlled, and thus highly artificial settings, the direct impacts of pesticides on non-
target systems can rarely be assessed at the level of individual farms or applications (although see 
Woodcock et al. (2016); Larsen, Gaines, and Deschênes (2017) for partial examples). Hence policy 
makers concerned with understanding the change in impact on the landscape and/or farmers 
interested in stewardship are usually forced to rely on indirect measures that attempt to extrapolate 
the potential ‘risk’ from the volumes applied, the conditions around spraying, the chemical properties 
of the compounds involved, and standardised laboratory assessment against well-known indicator 
organisms (see Milner and Boyd (2017), for commentary). These indirect measures are collectively 
termed Pesticide Risk Indicators (PRIs), e.g. Reus et al. (2002); Labite, Butler, and Cummins (2011); 
Feola, Rahn, and Binder (2011); Pierlot et al. (2017). Broadly PRIs can be defined as any measure, 
quantitative score or systematic classification which attempt to characterise the potential or realised 
impact of PPPs on non-target systems, and are reviewed here in the context supporting agricultural 
decision making and the development of policy instruments intended to moderate non-target impact 
(Lee, den Uyl, and Runhaar 2019). The choice of PRI can have major consequences for the perception 
of risk as differing trends both spatially and through time may be observed when alternative PRIs are 
used over the same dataset (Möhring, Gaba, and Finger 2019; Uthes et al. 2019). It is important 
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therefore that prospective users understand the scope and usefulness of different approaches to 
generating PRIs and how differing measures have been used in practice in various countries. 

Legislative context around management of PPPs 
Before moving on to an in-depth review of approaches to the development of PRIs (Section 3) it is 
worth pausing to review the legislative and policy context in which many PRIs were developed and 
deployed. Our focus here is primarily on the Member States of the European Union, as well as the UK. 
This is in part a reflection of the significance that PPP management has traditionally held within the EU 
(Skevas, Oude Lansink, and Stefanou 2013), and also the fact that the majority of described approaches 
to PRIs have been developed in a European context (Feola, Rahn, and Binder 2011). In Section 5 we 
briefly review the linkage between PRI development and policy instruments across Europe and in 
Section 6 we specifically relate the discussed methodologies back to the existing infrastructure and 
policy development for the UK. Our aim is to provide a discussion of the role of PRIs and how the 
various forms and classes have been used in practice to support decision making around PRIs and as 
measures or proxies for monitoring environmental change. For discussion of the wider context of 
policy development around PPPs in Europe we recommend the reviews of Skevas, Oude Lansink, and 
Stefanou (2013); Pedersen and Nielsen (2017); Lee, den Uyl, and Runhaar (2019); and Sud (2020).  

At the centre of European discussion of PPP use is the 2009 Directive 2009/128/EC of the European 
Parliament and of the Council, which established the framework for Community action to achieve the 
sustainable use of PPPs by reducing the risks and impacts of PPP use on human health and the 
environment and promoting integrated pest management (European Court of Auditors 2020). This 
regulation was introduced to address perceived inadequacies in then applicable PPP regulatory 
frameworks, as well as concerns over trends of increasing PPP sales in major EU Member States 
(Skevas, Oude Lansink, and Stefanou 2013). This framework introduced the requirement for Member 
States (at the time including the UK) to draw up National Action Plans (NAPs) promoting the directives 
goals. These NAPs were scheduled for introduction by November 2012, with the last being introduced 
in 2014 (European Court of Auditors 2020), and were scheduled for revision on a five year cycle, 
although many Member States including the UK have delayed revision of NAP (European Court of 
Auditors 2020), such that the current UK plan (Defra 2013) is expected to be released for public 
consultation at some point during 2020 (Claydon 2020) (see Section 6). The resulting NAPs provide the 
core mechanism for monitoring the potential impact of PPPs in different Member States (and the UK) 
and, where applicable for informing impact reduction targets (Barzman and Dachbrodt‐Saaydeh 2011; 
Sud 2020). The current implementation of the UK NAP, as in the majority of Member States, does not 
include explicit impact or reduction targets for PPP use and there are no clear indicators of their 
implementation in the context of the revised National Action Plan1. In the near future, following the 
UK exit from the EU it is expected that measures relating to the usage and authorisation of PPP with 
be revised into national legislation  the structure and contest of which, remain unclear at the time of 
writing..  

Absent from the original EU directive was guidance on how ‘risk’ to non-target systems was to be 
measured and analysed in a comparable manner across Europe. The directive calls on Member States 
to calculate ‘harmonised risk indicators, identify trends in the use of certain active substances, and 
identify priority items that require particular attention’, but was adopted with an empty Annex, which 
does not specify the nature of these indicators2 (European Court of Auditors 2020). While there has 
been some progress on adoption of harmonised indicators since 2018 (see Section 5), several Member 
States (including Norway, Demark, France, Germany, Belgium and the Netherlands (Sud 2020)) have 
developed their own PRIs, focused around their specific national objectives, with little consideration 
for harmonisation. This proliferation, combined with a large quantity of academic work on developing 
increasingly sophisticated tools for characterising agricultural impacts (Bockstaller et al. 2008), and/or 

 
1 https://publications.parliament.uk/pa/cm201719/cmselect/cmeuleg/301-ix/30112.htm  
2 Indicators subsequently developed or adopted across the Union are described in Section 3.  

https://publications.parliament.uk/pa/cm201719/cmselect/cmeuleg/301-ix/30112.htm
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to support the process of substance authorisation (Labite, Butler, and Cummins 2011), has resulted a 
vast array of different tools and approaches which attempt to characterise or provide proxies for the 
impact of PPPs on non-target systems. In addition, separate regulatory silos such as human dietary 
exposure versus operator or bystander exposure have led to individual models being developed to 
predict exposure and risk in support of the relevant legislation. This is particularly true for the more 
complex models, although simpler indicators such as those described here often encompass multiple 
risk criteria (particularly those belonging to the class of weighted multi-component PRIs; see Section 
3). There is a general desire for more harmonised treatment of PPP risk across different areas of 
regulation (More et al. 2019) but this has not been achieved yet, in part due to the complexity of data 
collection and harmonisation. 

3. What defines a ‘Pesticide Risk Indicator’?  
When considering the potential effects PPPs may have on non-target systems, regulators and policy 
developers tend to adopt a ‘risk’ based framework to help support decision making (Levitan, Merwin, 
and Kovach 1995; Levitan 2000; Schäfer et al. 2019). ‘Risk’ in this context, refers to the combined 
function of the potential aggregate impact on non-target systems associated with exposure to some 
suite of PPP compounds, and the likelihood that these impacts occur under the assumptions of a 
specific PRI (Meek et al. 2011; OECD 2018; More et al. 2019). It is worth noting that, as a rule, PRI tend 
to focus on the ‘hazard’ posed by PPP to non -target systems, i.e. the potential for negative impact, 
based on information from laboratory or other standardised settings. Less consideration is often given 
to the probability of these impacts being expressed in reality, usually due to lack of supporting data. 
Hence some sources refer to PRI as measures of “consequences of hazard” as opposed to risk per se, 
e.g. Maud, Edwards-Jones, and Quin (2001). For example, an indicator might consider the health risk 
posed to operators of PPP application, due to the nature of the compounds used, without necessarily 
considering whether the operator in question in wearing appropriate PPE that might mitigate some of 
the health impacts (this is typically because the latter is often not recorded in datasets used to 
construct the indicator). Likewise impacts on non-target organisms, will generally not consider the 
distribution of susceptible individuals within the population, beyond broad partitioning of model 
organism appropriate to various environmental ‘compartments’ such as local freshwater. A useful way 
to think about PRI is to consider them as proxies for “standardised”, or ‘typical’ risks to non-target 
systems, based on our knowledge of what is being applied, and the circumstances around application, 
as opposed to being tools for measuring impact on non-target systems. This standardisation of risk 
necessitates assumptions regarding how applied PPP will act under field conditions which are 
implemented differently in different approaches. It is the nature and structure of these assumptions, 
and their associated data requirements, that provides the classification for different PRIs used in this 
review.  

The review presented here focuses on the use of PRIs to compare aggregate impacts across a suite of 
multiple PPPs applied over some defined geographic area, as this is what has driven the development 
of most of the described approaches (although there are important examples of related methods used 
for comparing rates of application for a single substance, e.g. in recent studies of global glyphosate use 
(Maggi et al. 2020)). Issues of scale, both in terms of spatial scope for the indicator (i.e. applicability of 
a PRI at the field, farm, national or international level) and/or the time period the indicator would be 
assessed over (days, seasons years etc.), will be touched on only briefly in our discussion, as this is 
driven largely by available local data sources and the use to which the PRI is being put, as opposed to 
being intrinsic elements of the calculation, (see Section 5/6 for discussion). Where possible we will 
note the original location and usage for each described PRI and how these might influence its future 
use. It is important to bear in mind throughout that PRIs are developed primarily as decision support 
tools (DST) and that this can influence both their suitability for use outside of their original context and 
the ease of drawing direct comparisons between different indicators, see Feola, Rahn, and 
Binder(2011); Labite, Butler, and Cummins (2011); Pierlot et al. (2017) for discussion.  
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There are well over one hundred published PRI methodologies, the vast majority of which have seen 
limited use outside of the original context for which they were developed (Bockstaller et al. 2008). 
Rather than attempt to review all methods individually we have followed previous reviews (Reus et al. 
2002; Labite, Butler, and Cummins 2011; Pierlot et al. 2017) in defining broad classes of methodologies 
that share similar properties in terms of the description of risk, which often have related data 
requirements for calculation. For our discussion we identify five principal groups according to the 
information required and how this is represented within the calculation. The first group contains those 
PRIs which are derived only from measures of the amount of PPP that has been applied in a given 
context (there is some debate as to whether the term PRI is truly appropriate for these measures but 
we have retained this terminology in light of common practice in the wider literature e.g. (Möhring, 
Gaba, and Finger 2019)). The second and third groups build information on the chemical properties or 
toxicity into the value of the indicator, either in a qualitative manner or as a quantitative or pseudo-
quantitative measure (“weighted multi-component PRIs”). The fourth group includes the diverse array 
of indicators built around the so called Exposure-Toxicity Ratio (ETR) framework, originally proposed 
by Reus et al. (2002) and which has proved highly influential in the development of more recent PRIs. 
The defining feature of ETR indicators is that they use information on the conditions around 
application, and/or some suitable worse case assumptions, to explicitly predict the resulting 
concentration in some specified location (for example nearby fresh water; conventionally termed a 
‘compartment’). These predicted ‘within compartment’ concentrations are then described relative to 
toxicity information for relevant organisms to provide the final value of the index (Reus et al. 2002; 
Feola, Rahn, and Binder 2011). The final grouping briefly discusses some of the mechanistic or 
otherwise complex models describing the physical movement of PPPs through various environmental 
compartments (most commonly soil). These are covered only briefly, as they would rarely be reported 
as PRIs in their own right but underpin many of the other indicators, most notably those using the ETR 
approach.  

Our selection of indicators to discuss in detail was influenced by considerations of policy influence and 
the suitability of different PRIs to decision making outside of the academic sphere. Hence, we have 
prioritised those PRIs which have been integrated into National Action Plans or related surveillance. 
For a more complete treatment of alternative methods readers are referred to the reviews of Maud, 
Edwards-Jones, and Quin (2001); Reus et al. (2002); Dubus and Surdyk (2006); Labite, Butler, and 
Cummins (2011); Feola, Rahn, and Binder (2011); Pierlot et al. (2017) which include a number of other 
approaches not outlined in detail here. As previously stated, our focus is on indicators used in EU 
Member States, or which have the potential to be adapted to a UK setting, bearing in mind the data 
requirements and scope of different methods (see Section 6 for discussion).  

An alternative way to classify PRI is to group approaches based on their intended audience, and on the 
and decisions that the indicator(s) might be used to support, see e.g. Reus et al. (2002). In Section 5, 
we review the various uses to which PRIs have been put, as well as highlighting their roles in decision 
making around PPPs with an emphasis on policy making. In general, the simpler ‘quantity only’ 
measures are most commonly associated with surveillance and monitoring of change, particularly at 
national or international scales, while the more complex measures, particularly ETR methods are often 
used in decision support and for comparing local alternative PPP use or in authorisation decisions 
(Feola, Rahn, and Binder 2011), although exceptions apply and are discussed in Section 5 .  

Quantity only indicators 
This simplest class of PRIs aim to characterise the amount of PPP being applied to an area without any 
consideration of chemical properties or differences in impact/toxicity. These measures, due to their 
simplicity and ease of calculation, are often politically important (See Section 5) but lack the 
sophistication of the more advanced tools outlined below. We call these indicators ‘quantity only’ 
because they only account for the quantity of PPP applied (under various measures) and make other 
consideration for example around relative impact (Reus et al. 2002). Other workers have used terms 



8 
 

like ‘quantitative’ indicators to describe quantity only indicators (e.g. (Möhring, Gaba, and Finger 
2019).  

Economic indicators 
The first group of indicators treat quantity of PPPs in economic terms and measure the total spend (at 
a farm level, e.g. (Uthes et al. 2019)) or the total sale of (at national or regional levels) of PPPs. National 
sales of PPPs, grouped under the ‘Harmonised classification of substances’ is a key indicator at an EU 
level under Regulation (EC) No 1107/2009 of the European Parliament (see (European Court of 
Auditors 2020) for a detailed discussion of how sales records are calculated and aggregated at the 
European level). There are many problems with describing amounts of PPPs in purely economic terms, 
e.g. because of local economic conditions such as inflation, consumer choice and sales tactics3, but 
these indicators are used partly due to the relative ease of collecting sales records and, partly due to 
expressing quantity in monetary terms in order to compare to value to agricultural outputs.  

Quantity of Active Ingredients  
The second major group of quantity only indicators describe the use of PPP in terms of the mass of 
active substances applied (or, more rarely, the total mass of PPP applied). The most common form, 
Quantity of Active Ingredients (QA, e.g. (Möhring, Gaba, and Finger 2019)) simply measures the mass 
of PPP applied multiplied by the concentration of the active ingredients(s), to provide an equivalent 
kilogram mass of the amount of active applied (often standardised by cropping area). As with many 
PRIs, QA will typically be calculated separately for each active and reported as aggregated totals. The 
focus of QA is on the ‘active’ ingredients of PPPs and there have been some criticisms that this fails to 
account for ‘inert’, often undocumented, components of PPPs, and as such may under-represent 
overall risk (e.g. Surgan, Condon, and Cox 2010). 

Area treated 
Another small group of quantity only indicators, generally of lower policy concern, measure the 
amount of application in terms of area treated. Examples include the UK Pesticide Usage Survey 
(Garthwaite et al. 2019; also reports Quantity of Active Ingredients as outlined above). As with the 
economic indicators, area treated has statistical issues for discussing trends through time, particularly 
when use is not reported relative to cropping area, or when multiple treatments are combined. 
However, it is again a simple measure that has proved appealing to decision makers and been used as 
a driver for discussion of landscape scale impacts, particularly by NGO’s and other conservation bodies.  

Number of Unit doses, the Treatment Frequency Index and the Standardised treatment index 
The final major group of quantity only indicators represents an attempt to incorporate frequency and 
intensity of treatment into measures of the amount of PPP applied. The Number of Unit Doses (NUD), 
is an important French indicator, which uses information on total sales, the recommended maximum 
dose of actives within a cropping context, and the national cropping area to provide an estimate of 
average total number of applications per unit area (Hossard et al. 2017).  

Likewise, the Treatment Frequency Index (TFI) (Coll and Wajnberg 2017; Hossard et al. 2017), 
developed in Denmark (Gravesen 2003) but now used in a small number of other European countries 
(e.g. Stenrød et al. (2008); Kudsk, Jørgensen, and Ørum (2018)), is calculated by dividing the observed 
rate of PPP application  by a recommended standard rate for each product within a given cropping 
context (Möhring, Gaba, and Finger 2019). The TFI can therefore be thought of as the proportion of 
the recommended standard rate at the relevant spatial scale that is observed over the recorded 
applications (or as approximated by sales records). The TFI was formerly used in the implementation 
of pesticide taxation in Denmark prior to the development of the more sophisticated Danish Pesticide 
Load indicator (see below) and has formed the basis of usage reduction targets in Denmark and France 
(see Section 5 for discussion).  

 
3 https://www.eea.europa.eu/airs/2018/environment-and-health/pesticides-sales  

https://www.eea.europa.eu/airs/2018/environment-and-health/pesticides-sales
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The Standardised Treatment Index (STI (Sattler, Kächele, and Verch 2007); also called the Treatment 
Index (Uthes et al. 2019)) is another indicator that uses the ratio between the observed and the 
recommended application rates, although in this case it also incorporates information on the number 
of active substances applied and the treatment area (typically calculated at the level of a treatment 
rather than an individual product). STI was developed in part to help monitor the multiple ways in 
which farmers can act to reduce applications of PPPs (Bürger, de Mol, and Gerowitt 2008), as well as 
to help characterise the dependence of different cropping systems on pesticide inputs, and has been 
used in farm level comparative analysis across several European countries (Uthes et al. 2019). 

The unifying feature of quantity only indicators is that their calculation depends on the spray records 
that are maintained as a legal requirement in both the UK and EU Member States for a period of three 
years (Article 67 of the PPP Regulation). This reliance on simple data around PPP use means quantity 
only measures can be adapted to a range of different scales and situations, and as a result they’ve had 
a prominent role in policy making. However, the fact these indicators make no distinction between 
different compounds, and thus in effect treat risk associated with all PPPs as equal by mass, is clearly 
inadequate for describing the potential impacts of the changing composition of applied compounds. 
For example, a misleading impression may be created by the substitution of high impact substances 
with alternatives, where a greater net quantity of application (necessary to achieve levels of control) 
may associated with a lower net impact (because the replacement substances are less impactful per 
kilogram of application) (Möhring, Gaba, and Finger 2019). It is this crudeness that has been the 
catalyst for the development of many of the more complex PRIs outlined below.  

Qualitative indicators and classifications 
In addition to the quantity only indicators listed above and the more sophisticated tools given below 
there are a small number of intermediate indicators which incorporate a small quantity of chemical 
information as a proxy for risk, but which do not fit in the category of the more complex methods 
described below. A simple example of a qualitative index would be the PRI’s that underly the 
Norwegian Banded Pesticide Tax Scheme (Norwegian Food Safety Authority 2005), or the similar 
systems (formerly) in effect in France (Böcker and Finger 2016) and Belgium (ECOTEC et al. 2001; 
NAPAN 2014). In all three cases the “Risk phrases4” (e.g. corrosive, or irritant) are used as indicators of 
the potential impact of a substance, which in turn is used to define taxation bands applying to pesticide 
sales. For situations where the goal is rapid classification of novel substances and to minimise any 
disputes which might arise, this simplistic binning of substances can be effective, although lacking 
much nuance with respect to the potential impacts of different substances.  

 Further (typically) older systems of qualitative risk assessment are reviewed in Levitan, Merwin, and 
Kovach (1995); Foster and Mourato (2000) and Maud, Edwards-Jones, and Quin (2001). Qualitative 
assessment of risk was for a long time the standard for PRIs, particularly prior to ready availability of 
computational resources and online datasets (Levitan 2000; Bockstaller et al. 2008; Lewis et al. 2016). 
It should also be noted that many forms of multi-component PRIs (see following section) contain 
qualitative elements (Cox, Babayev, and Huber 2005), which we review below under our discussion of 
the well-known EIQ indicator . The challenges of how to utilise qualitative indicators of risk, particularly 
outside of the setting for which they were original developed, have been reviewed elsewhere (e.g. Cox, 
Babayev, and Huber (2005); Levitan (2000)), and these indicators are often associated with issues of 
subjectivity and ambiguity in how they communicate risk. For example, choice of descriptor (‘high’, 
‘moderate’ ‘extreme’ etc) is a key component of communicating risk that is often challenging to agree 
with relevant stakeholders, who may have widely differing perspectives of what is or is not acceptable 
risk (Johnson and Chess 2006). Purely qualitative PRIs, based on expert opinion, still exist in the 
decision-making processes of some policy relevant activities, but in general they’ve become less 
significant as more sophisticated tools and software have become more widely available. None of the 
more recent reviews of PRIs (Feola, Rahn, and Binder 2011; Labite, Butler, and Cummins 2011; Pierlot 

 
4 Defined in Annex III of European Union Directive 67/548/EEC 
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et al. 2017) cover measures that could be described as truly qualitative and it appears likely that their 
importance, at least within the academic sphere, is in decline in favour of more quantitative or model 
based approaches (Dubus and Surdyk 2006), although see (Jepson et al. 2020) for an alternative 
perspective.  

EU harmonised risk indicators 
One of the most significant events of recent years for the policy management of PPP within the EU has 
been the adoption in 2019 of harmonised risk indicators as the basis for management targets within 
the Union (European Court of Auditors 2020). Conceptually, harmonised risk indicator 1 (HR1) can be 
viewed as an example of a qualitative indicator, in that applied substances are categorised into four 
broad ‘groups’ defined under Article 22 of the Regulation (EC) No 1107/2009 and the associated Annex 
of Regulation (EU) No 540/2011 (European Commission and Statistical Office of the European Union 
2019).These ‘groups’ of substances correspond to approved ‘low risk’ actives, general approved 
actives, approved actives listed as candidates for substitution, and any actives not approved for use 
under EC regulations. Each of these groups corresponds to a weighting value, reflecting increasing 
perceived risk, see European Commission and Statistical Office of the European Union (2019) for 
details. The final value of HR1 is the sum of the quantities of active substances placed on the market 
for each group, multiplied by their weightings, and standardised relative to the reported mean of 2011 
to 2013 (European Commission and Statistical Office of the European Union 2019). Full details of the 
calculation of HR1, including group weights, can be found in European Commission and Statistical 
Office of the European Union (2019).  

HR1 is intended to be collated annually by Member States under Amendment C(2019) 3580 of EC; 2019 
(European Court of Auditors 2020), and has been viewed more widely as the political basis for 
reduction targets in PPP usage at an EU level (Foote 2020). The relative recency in which HR1 has been 
adopted means that to date there has been limited academic discussion of the index, and questions 
have already be raised as to whether the classification of actives and the associated weighting 
appropriately captures PPP risks, particularly given the political dimensions of what substances have 
been authorised at different risk categories, and which are considered ‘candidates for substitution’ 
(European Court of Auditors 2020). There are also wider concerns about the quality of datasets 
collected across the Union on PPP usage (outlined in Section 5 of this report), which may impact on 
the calculation of HR1, particularly when comparing with Member States with less sophisticated PPP 
monitoring programmes (European Commission 2019; 2020).  

While HR1 fits naturally within the classification of PRIs used here, the accompanying indicator HR2 is 
more difficult to interpret. HR2 represents a simple sum of the number of ‘emergency authorisations’ 
for PPP across the Union, weighted using the same substance groups as HR1, and expressed relative 
to the mean of the same baseline period. In context, an emergency authorisation is a power held by 
Member States to authorise a specific substance for a period not exceeding 120 days, intended to be 
used to manage specific dangers (such as pest outbreaks or incursions) which cannot be contained by 
any other reasonable means (European Commission 2017). The interpretation of HR2 thus lies on the 
question of whether emergency authorisations of substances carry intrinsically higher risk of impact 
on non-target systems, which is difficult to assess given that such events are often confounded with 
e.g. delays in the full authorisation of substances for minor uses (European Commission 2017). In the 
absence of clear guidance on the causes of emergency authorisation, and with inadequate baseline 
data for comparison, the current authors feel unable to comment on the utility of HR2 and how it 
should be considered in the wider context of PRIs and their role in policy development.  

Fuzzy-expert Indices (I-Phy) 
I-Phy (formerly known as IPEST) (van der Werf and Zimmer 1998) is a unique form of indicator, 
developed specifically to incorporate uncertainty associated with chemical properties or potential 
impacts, which bridges the gap between a qualitative and fully quantitative approach. The so-called 
‘fuzzy-expert system’ is primarily based on expert opinion but each input variable is graded on a sliding 
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scale between being a favourable or unfavourable condition. These gradings are then the basis for the 
calculated index value, which is expressed using predefined rules for compartments representing air, 
surface water and groundwater. The power of this framework lies in the ability to incorporate an 
extremely wide array of pesticide properties, site specific conditions and application conditions, 
without necessarily the need for detailed quantitative data.  

While having no known policy applications, I-Phy has been increasingly discussed in academic 
literature, particularly where the aim is to expand on understanding of a poorly or contentiously 
characterised system (Lindahl and Bockstaller 2012). When compared to other approaches Pierlot et 
al. (2017), note that, despite their simplicity, both the original I-Phy and the modified version 
developed by Lindahl and Bockstaller (2012) were relatively strong performers in their comparative 
assessment (see Section 4; Figure 1). There have also been some attempts to integrate supervised 
machine learning into the I-Phy framework (I-Phy2v in Pierlot et al. (2017)) although it is not yet clear 
if this has led to general improvements in performance. Perhaps the greatest challenge with the I-Phy 
methodology is the issue of repeatability and transparency, given the underlying dependence on 
subjective expert opinion (Labite, Butler, and Cummins 2011). This may account for why I-Phy has not 
been more widely adopted in a policy development.  

Weighted multi-component PRIs 
Weighted multi-component PRIs are by far the most diverse group of indicators and represent one of 
the major ways in which PRIs have been adapted for local audiences. The defining property of these 
approaches is that they combine multiple measurements of the chemical properties or experimental 
findings associated with an active substance, often focusing on the mobility and impacts on non-target 
organisms. They then calculate a ‘score’ that describes the relative potential impact based on some 
predefined formula, varying across indices (Feola, Rahn, and Binder 2011). We term these indices 
‘weighted multi component’ as typically calculation of the score for a given substance incorporates not 
only underlying measures of impact, but also ‘weighting’ values, which determine the relative effect 
that different measures have on the final value for each substance. ‘Weightings’ are often presented 
as arbitrary numeric values and can be challenging to objectively interpret, particularly when adapting 
an index to a novel situation, as the process by which they are defined is often poorly documented and 
subjective (Dushoff, Caldwell, and Mohler 1994).   

The measures contributing to a weighted multi-component PRI are typically derived from 
measurements collected during the authorisation process, for example the rate of degeneration in soil 
(known as the DT50) or the toxicity of the substance with respect to standard non target organisms 
such as birds, bees or Daphnia (water fleas) (see Table 1 in Labite, Butler, and Cummins (2011)). In 
general, a specified set of these measures are combined within the index formula for a specific 
substance and the field level risk is then represented by the summed value of all applied actives 
multiplied by their respective quantity of application, typically represented as the quantity of active 
substance (QA), but occasionally using metrics akin to the treatment frequency index (TFI) as described 
above.  

Before dealing with the true multi-component indicators, it is worth noting there are a small number 
of PRIs that treat risk as proportional to single experimental derived measures as a proxy for all human 
health or environmental impacts of a given PPP. In the majority of cases the chosen metric is either 
the acute or chronic toxicity of the substance in rats as represented by (one over) the LD50 (the 
statistical estimate of the exposure concentration that is associated with a 50% increase in mortality 
rate in a laboratory setting), typically multiplied by the quantity of active substance applied. Notable 
examples include studies on long term toxicity change in herbicide usage in the United States (Kniss 
2017; 2016). As with the more complex multi-component measures, these single dimensional values 
are usually scaled with respect to the QA and represent a simple attempt to scale the amount of 
application by an index of impact. The authors are not aware of any policy instruments drawing directly 
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on such single dimensional indices and most usage has been restricted to academic discussion of 
changing patterns of risk. 

Environmental Impact Quotient 
One of the oldest and most well-known examples of a weighted multi-component PRI is the 
Environmental Impact Quotient (EIQ) (Kovach et al. 1992). The EIQ is the only indicator developed 
outside of Europe reviewed here having been originally developed by members of the New York State 
Integrated Pest Management Program and represents older versions of weighted multi-component 
indexes developed prior to the advent of widespread computation and data resources (Maud, 
Edwards-Jones, and Quin 2001). Measures included in the EIQ include dermal toxicity w.r.t. rodents; 
any evidence of chronic human toxicity or ‘systemicity’; acute toxicity w.r.t. fish, birds, bees and 
beneficial arthropods; the potential for leaching and surface run off; and half-life of the substance in 
soil and on the surface of plants.  

For each of these measures ‘bins’ (numerical ranges or intervals applied to underlying continuous 
measures) are constructed to represent substances with ‘high, ‘medium’ or ‘low’ risk, with each bin 
being assigned a point value of 1, 3 or 5, which will go on contribute to the overall ‘score’ for the 
substance. This final value is calculated using a standard formula, which incorporates ‘weightings’ of 
the different aspects of risk and multiplies these by the ‘scores’ for the bins applicable for each 
substance. A full description of the calculation of the EIQ, including the weighting can be found in 
(Kovach et al. 1992). In common with many other similar PRI the EIQ is sometimes expressed as set of 
sub-indices, in this case representing risks to farmworkers, consumers and natural ecosystems 
respectively. The commonly presented final EIQ score, or whatever relevant subcomponent is the 
focus of investigation, is calculated individually for each substance applied, and then multiplied by their 
respective mass of application, with the total value of the interpreted index being equal to the sum 
over contributing substances.  

The EIQ usefully illustrates the core features typical of weighted multi-component PRIs, i.e. use of 
underlying measures of potential impacts from laboratory studies; which are sometimes ‘binned’ to 
assign a value reflecting the inferred risk; are then combined in a ‘weighted’ formula to give the overall 
‘score’ for a substance; which in turn is typically multiplied by the amount of substance applied; with 
the final value being the sum of over substances at scale under investigation. Likewise, the EIQ can be 
used to illustrate some of the weaknesses particularly in the older generation of such indicators. Many 
of these problems arise from the use of binning to convert continuous underlying measurements into 
categorical scores representing low, medium and high risk. This system is a deliberate design element 
of the EIQ intended to help resolve sparse input data when assessing novel compounds (Kovach et al. 
1992). However, early and influential criticism of the EIQ (Dushoff, Caldwell, and Mohler 1994) noted 
that binning means compounds differing in their toxicity or persistence by a factor of over 1000 can be 
reduced to a five to one scale in terms of their effect on the EIQ score. Likewise, the way in which 
quantitative information is fitted to categories can, in some circumstances, mean that a higher 
qualitative risk can be assigned to pesticides even where the quantitative risk is actually lower in a 
straight comparison (Dushoff, Caldwell, and Mohler 1994). These issues with EIQs were reinvestigated 
in the simulation study of Kniss and Coburn (2015) which highlighted that, at least for herbicides, 
different elements of the EIQ can have widely differing impacts on the estimated value, and strongly 
criticised its suitability to field conditions. 

Maud, Edwards-Jones, and Quin (2001) review several other older PRIs with similar underlying designs 
to the EIQ, assessing their applicability to the UK. Their conclusions were that none of the examined 
indicators were judged suitable for the then state of UK agriculture, citing lack of transparency around 
weighting, inability to discriminate between compounds and the political issues that surround the 
incorporation of human health alongside indicators of environmental impact (see Section 4 for 
discussion). 
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Norwegian Environmental Risk Indicator 
While the earliest versions of weighted multi-component PRIs are largly considered outdated, the core 
concept has been readapted in several recent indicators significant for European policy development 
(Labite, Butler, and Cummins 2011). The Norwegian Environmental Risk Indicator (Stenrød et al. 2008) 
(NERI, sometimes also NRI as in (Pierlot et al. 2017) and Figure 1 of this report), was developed in 
Norway and found to be superior to the EIQ in terms of calculated output, particularly for systems 
dominated by highly toxic or highly persistent chemicals. The value of NERI is determined by a simple 
linear sum of a collection of ecological measures (thus giving it both a narrower scope than the EIQ but 
also avoiding the complexity of an EIQ like weighted formula). Like the EIQ, each of these measures 
are categorical values associated with scores attached to bins with pre-defined threshold values. This 
binning means that NERI is subject to many of the same criticisms that apply to the EIQ, although it 
should be noted that unlike the EIQ, where the minimum score for any measure is always 1, the binning 
for NERI means that compounds which do not present a significant risk with respect to a particular 
variable will have a score of zero. NERI also has the advantage that the threshold values used have a 
clear regulatory basis, in that they are defined by the major acceptance criteria used throughout the 
EU for PPPs (Labite, Butler, and Cummins 2011). This is not the same as saying that criteria have an 
objective basis in terms of potential non-target impact, but it does naturally place the index within the 
existing regularly regime and aids in the harmonisation and transparency of an otherwise complex 
index (OECD 2004). Details of the calculation of NERI can be found in Norwegian Food Safety Authority 
(2005). 

Danish Pesticide Load Indicator (PLI) 
The Danish Pesticide Load Indicator (PLI) (Miljøstyrelsen 2012; Kudsk, Jørgensen, and Ørum 2018) 5was 
developed as a policy tool and is one of the most significant examples of a recent PRI in terms of impact, 
in part because it has a direct link to differentiated taxation of pesticides used in Denmark (Pendersen, 
Helle, and Andersen 2015). Denmark has one of the most sophisticated (and highest) taxation systems 
for agriculture in the world, and is often cited as a key example in reviews on the subject of pesticide 
taxation and pesticide policy instruments more generally (Finger et al. 2017; Lee, den Uyl, and Runhaar 
2019; Sud 2020); see Section 5 for discussion. The Danish PLI, was developed as a strategic objective 
for the 2013-2016 Danish Pesticides Strategy (Kudsk, Jørgensen, and Ørum 2018) and replaced the 
previous system based on the Treatment Frequency Index (see above) over the growing season 2010-
2011.  

The PLI covers three key policy areas, represented in the calculation as sub-indices, relating to human 
health, environmental fate and environmental toxicity. Like the EIQ and NERI, the PLI is primarily based 
on the combination of measures arising from the existing regulatory process (collated in the Pesticide 
Properties database(PPDB; Lewis et al. 2016). The three sub-indices are calculated in different ways. 
The human health component represents numerical scores applied to the ‘risk phrases’ supplied with 
individual products6. Environmental fate is the weighted sum of Soil DT50 (the time taken for half of a 
substance to decay in soil), an index of Bioaccumulation (the ratio at which organisms pick up 
compounds from their environment), and the SCI-GROW index, itself a combination of a substances 
rate of aerobic soil degradation and half-life developed by the US EPA Office of Pesticides (Estes, Pai, 
and Winchell 2016). Environmental toxicity is likewise a weighted sum of measures of acute and 
chronic toxicity with respect to birds, mammals, fish, water fleas, algae, aquatic plants, earthworms 
and honeybees.  

 
5 An older indicator of the same name is reviewed in (Labite, Butler, and Cummins 2011) but is conceptually 
different from that described here and more closely related to the TFI (Møhlenberg, Gustavson, and Sørensen 
2002; Pendersen, Helle, and Andersen 2015).  
6 The PLI considers human health impacts based on risk phrases applicable to operators, and any risks to 
bystanders and the wider public are represented only indirectly within the calculation. 



14 
 

Interestingly the ‘weighting’ applied to the environmental toxicity component of the PLI varies by type 
of PPP application, with different organism having different relative weightings for seed treatments 
compared to other application methods (as an attempt to crudely capture differences in the chance of 
exposure for different groups between different types of treatment Miljøstyrelsen (2012)). Note that 
unlike in previous indicators in this section, measures in the PLI are not ‘binned’ when generating the 
scores (i.e. avoiding many of the problems described for the EIQ). Instead each measure is expressed 
with respect to a ‘reference substance’, for which all others have a percentage of impact for the 
relevant measure (Miljøstyrelsen 2012). It is these ‘standardised’ measures that are the target of 
‘weighting’, with the final scores for a substance being the sum of these weighted values. These final 
scores are expressed by multiplication by the ratio of the application dose and some defined standard 
dose calculated in manner similar to the TFI, with the final indictor value summed all substances. Full 
calculation details for the PLI can be found in Miljøstyrelsen (2012).  

One of the chief features of the PLI compared with the EIQ and NERI lie in both its comprehensive 
nature, made possible by the convergence of regulatory information in resources such as the PPDB 
(Lewis et al. 2016), and also its rejection of subjective binning of measures (which makes it much easier 
to separate compounds in terms of their relative risk). This avoids many of the statistical pitfalls that 
come from combining binned measures (Kniss and Coburn 2015) (e.g. the score of different substances 
for a particular measures e.g. toxicity with respect to bees will vary linearly, rather than being 
categorised into discrete units during calculation). This does not necessarily mean that the PLI is fully 
‘objective’ in representing risk as the weighting of different measures (and the selection of reference 
substances) still reflect the perceived relative importance of different impacts, which are not fully 
justified in the published methodology (Miljøstyrelsen 2012) (e.g. in the decision to weight organisms 
differently when considering substances that are applied as seed treatments). Due to having come to 
prominence only relatively recently, the PLI was not included in any of the comparative studies 
examined in Section 4, making it difficult to assess-field performance relative to, e.g. the EIQ. There 
have however been several recent attempts to use the PLI to help ground-truth ‘quantity only’ 
indicators, which indicate distinct behaviour when compared to these simplistic measures (Möhring, 
Bozzola, et al. 2020; Möhring, Gaba, and Finger 2019), see Section 4 for further discussion. 

PestScreen 
PestScreen (Juraske et al. 2007) is an example of a weighted multi-component PRI that is in part driven 
by underlying explicit models rather than being based only on laboratory measures as in the previous 
examples. This in some sense makes it transitionary between this group and the Exposure-toxicity ratio 
methods described in the following section. As with the EIQ or NERI, the numeric final value of the 
index is constructed from categorical scores associated with different degrees of perceived risk. 
However, where it differs is that the values used are often themselves the outputs of models and may 
make use of a much wider array of information regarding local conditions than is used by systems like 
the PLI. The value of the PestScreen index is determined by three subcomponents representing Fate, 
Exposure and Toxicity. The Fate component for example is the combination of binned risk scores for 
values of long-range transport potential and overall persistence, both of which are estimated using the 
multi-media fate model ‘Simple Box 3.0’. Exposure is based on an estimate of the proportion of emitted 
substance that enters the human population (either by inhalation or ingestion) based on another multi-
media model implemented in USES-LCA 2.0 (van Zelm, Huijbregts, and van de Meent 2009). Only with 
toxicity do we see something resembling the laboratory derived measures discussed thus far, 
incorporating the acceptable (human) daily intake, and the LD50 values in rats, bees and fish. This 
blending of modelling and underlying measures is an increasingly important element of many recent 
PRIs, which like PestScreen are often intended to be calculated through a dedicated software package 
(in this case an Excel spreadsheet (Labite, Butler, and Cummins 2011)) rather than by hand. This is a 
notable improvement in terms of ensuring the consistency by which PRIs are calculated but also leads 
to a tendency for reduced transparency and issues of stakeholder trust when applied under field 
conditions (Rose et al. 2018).  
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Exposure–toxicity ratio methods 
In the previous section we focused on indices which represent the potential impacts of PPPs using the 
laboratory properties of the active substance, scaled to the quantity of application for the purposes of 
aggregation. Such methods are often contrasted with a diverse group of indicators collectively known 
as the exposure toxicity ratio (ETR) approach which have become increasingly dominant in academic 
discussion of PRIs (Feola, Rahn, and Binder 2011; Labite, Butler, and Cummins 2011). The defining 
feature of ETR approaches is that risk is expressed based on the ratio between the predicted exposure 
(usually based on the predicted concentration of the PPP in a specified environmental compartment) 
relative to the toxicity values (usually LD50) for relevant organisms. This approach was originally 
highlighted by Reus et al. (2002) and has since become the basis of a large number of tools, particularly 
as dedicated software platforms and data resources have become increasingly widespread.  

Due to their need to predict concentrations within a specified compartment (e.g. aerial or fresh water) 
many ETR indices are dependent on high resolution data regarding the local conditions at the time of 
application, such as local weather conditions, information on slope, and the distances to nearby water 
bodies (Feola, Rahn, and Binder 2011; Labite, Butler, and Cummins 2011; Pierlot et al. 2017). This has 
tended to lead to such indicators being primarily associated with decision making at the farm level, 
although a smaller number have been adapted to regional or national surveillance (see Section 5).  

Synoptic Evaluation Model for Plant Protection Agents 
An example of an exposure–toxicity ratio indicator that has received increasing attention in policy is 
the German derived Synoptic Evaluation Model for Plant Protection Agents indicator or SYNOPS 
(Gutsche and Rossberg 1997). This model was one of the earliest ETR approaches and has been highly 
influential in the development of the latter OECD (OECD 2000) and harmonised European indicators 
(Kruijne et al. 2011); see below . Since its original development SYNOPS has been adapted to be a free 
to use web accessible tool intended to allow users to evaluate field level strategies across a range of 
realistic European conditions (Strassemeyer et al. 2017). Since 2008, SYNOPS has been integrated into 
the German National Action Plan and is used for surveillance across a set of sampled localities to 
establish national trends (Strassemeyer and Gutsche 2010). 

The structure of the SYNOPS model (there are three indicators with the SYNOPS name (Strassemeyer 
et al. 2017) but we focus here on the original ETR indicator) draws on topographic information (e.g. 
from GIS data), crop and weather parameters, soil properties, surface water type and distance and the 
properties of the active substance, to fit a series of one dimensional core models that simulate 
chemical movement around the plant root zone and volatilisation from bare soils (Ferrari et al. 2005). 
These models in turn predict drift drainage, runoff and erosion, ultimately generating a predicted 
concentration in field margins, soil and surface water. As with all ETR approaches predicted 
concentration is then expressed relative to the toxicity (NOEC, LC50) for relevant organisms for each 
compartment (earthworms in soil; algae, duckweed, Daphnia, midge larvae and fish in surface water; 
and bees in field margins (Strassemeyer et al. 2017)).  

As with many more complex PRIs, SYNOPS is integrated into a series of databases designed to store 
much of the background information used to calculate the index (at least when presented as a web 
application) (Strassemeyer et al. 2017). A consequence of this is restricted geographic scope based on 
the availably of underlying data. Recent work by de Baan (2020) adapts the SYNOPS framework to a 
novel region (in this case Switzerland), as well as for understanding the uncertainty and dependence 
of the indicator on particular input parameters, notably slope, temperature, precipitation, water 
distance, crop interception at the date of application, the soil adsorption coefficient, and the soil DT50 

(time take for half of a substance to decay in soil) . 

SYNOPS is one of the stronger performing indicators in the comparative study of Pierlot et al. (2017) 
although there is evidence for over-prediction of horizontal transfer by runoff compared to 
comparable ETR indicators (including POCER; see below). Commentary on SYNOPS in the review by 
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Labite, Butler, and Cummins (2011) highlights the power of the methodology in the assessment of 
impact over time, something which has been a key focus in the development of the index (for example 
the development of SYNOPS-TREND; focused on comparing risk across multiple years) but also note 
the high complexity associated with the calculation and resulting difficulty in adapting it for application 
outside of the original development scope (although see de Baan (2020) for a recent successful 
example).  

The Environmental Yardstick for Pesticides 
Just as SYNOPS has been highly influential in the development of policy in Germany, the equivalent 
role in the Netherlands has been played by the Environmental Yardstick for Pesticides (EYP) (Reus and 
Leendertse 2000). Like SYNOPS, calculation of EYP draws on an underlying prediction of compound 
concentration within a compartment and is also associated with a web interface7, albeit one which 
explicitly assumes characteristic Dutch soil types in the calculation. Compared to SYNOPS, the EYP is 
often presented in highly simplified manner, such that estimated spray drift percentage is given as an 
input parameter (defaulting to 1%) multiplied by a fixed value based on the method of application, as 
opposed to being estimated from local conditions. This results in greatly reduced data requirements 
when compared with SYNOPS, although the two are shown to closely correlate in compound rankings 
in the comparative study by Reus et al. (2002). An oddity of the EYP is that results are presented as 
environmental impact points, a set of threshold values that has a highly specific meaning under Dutch 
law, but which are not obviously extendable to other national contexts (Labite, Butler, and Cummins 
2011). This, along with the strong underlying assumptions regarding soil type, are reasons why the EYP 
has not been widely adopted outside of the Netherlands. Within the Netherlands a wider 
environmental labelling and green accounting programme, of which the EYP forms a component, has 
been associated with reductions in pesticide use and toxic load during the period up to 2000 (Levitan 
1997; Halberg, Verschuur, and Goodlass 2005), although data is sparse regarding more recent trends. 
See Section 5 for further discussion. Due to the difficulties in adapting the index outside of the 
Netherlands, the EYP has rarely been included in comparative assessments of different PRI, such as 
those reviewed in Section 4. There is however some data relating to the use of EYP to compare 
alternate cropping procedures in potato which could be adapted for benchmarking purposes if 
required (De Jong and De Snoo 2002).  

p-EMA 
Another simplified index that shares some properties with the exposure–toxicity ratio approach is the 
UK derived p-EMA method developed by Brown et al. (2003) and incorporated into the Environmental 
Management for Agriculture software package (Lewis et al. 2003; Dubus and Surdyk 2006). p-EMA is 
designed to predict environmental concentrations associated with spray using the soil water partition 
coefficient, normalised for organic carbon content of the soil, half-life (normally first-order) for 
degradation in soil (DT50) determined either in the laboratory or the field (preferred); and half-lives for 
aqueous photolysis, neutral hydrolysis and dissipation from the water phase of a water-sediment 
system. Input data consists of initial concentration applied, and the growth stage of relevant crops and 
a UK postcode, to assess the prespecified database of soil and hydraulic properties. Calculation is based 
on the MACRO model (Dubus and Brown 2002) and is based on underlying simulations across four risk 
classes. Due to the lack of a toxicity component for relevant organisms this method is not on its own 
considered a true ETR approach, although the authors note this is a natural extension that could be 
easily adapted (Brown et al. 2003). Like the environmental yardstick, discussion of p-EMA has been 
largly restricted by its specified geographic scope, although Labite, Butler, and Cummins (2011) and 
Reus et al. (2002) both comment its practical applicability, particularly as a self-monitoring tool for 
farmers and advisors.   

 
7 https://www.milieumeetlat.nl/en/hoe-werkt-het-open-teelt.html 

https://www.milieumeetlat.nl/en/hoe-werkt-het-open-teelt.html
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The Pesticide Occupational and Environmental Risk Indicator  
The Pesticide Occupational and Environmental Risk Indicator- POCER (Vercruysse and Steurbaut 2002; 
Claeys et al. 2005)), was original developed in Belgium and is highlighted in the review by Labite, Butler, 
and Cummins (2011) for its depth of coverage and dynamic nature. POCER consists of modules 
covering various aspects of both human health and environmental risk selected based on criteria 
outlined in EU Directive 91/414/EC (Vercruysse and Steurbaut 2002). The ten modules covered by 
POCER, each representing either a model or collection of laboratory measures, are as follows: risk to 
pesticide operators, risk to workers and secondarily exposed persons, risk to bystanders, persistence 
in soil, risk of groundwater contamination, risk to aquatic organisms (fish, Daphnia and algae), acute 
risk to birds, acute risk to bees, acute risk to earthworms and risk to beneficial arthropods. A full 
description of the calculation of POCER can be found in Claeys et al. (2005).  

The aggregate overall value for POCER is obtained by transformation of each of the underlying 
measures relative to specified limit values which results in a 0 to 1 indicator of risk. These can them be 
summed using a specified weighting scheme (Claeys et al. 2005) to generate the total indicator for the 
formulation.  

Unusually for such a complex indicator, POCER has been adapted for multiple situations most notably 
to include non-agricultural pesticide usage (Claeys et al. 2005). POCER was considered to be one of the 
comprehensive indicators in the review by Labite, Butler, and Cummins (2011), although 
underperforming overall relative to other complex indicators in the comparative study of Pierlot et al. 
(2017); Figure 1 (p. 21).  

Harmonized environmental indicators for pesticide risk  
The EU FP6 funded Harmonized environmental indicators for pesticide risk (HAIR) was one of the most 
ambitious projects around PRIs of recent years, and attempted to bring together many of the ideas 
developed across ETR indicators into a cohesive structure across a range of European conditions 
(Strassemeyer et al. 2007). Despite the development of a number of approaches, including an online 
platform developed to support calculation (https://www.pesticidemodels.eu/hair/home (Kruijne et al. 
2011), the HAIR indices have seen remarkably little discussion in recent reviews and appear to have 
been largly neglected in the development of policy (although see Pivato et al. 2015)). One element of 
HAIR (DRAINAGE-HAIR) was included among the indicators examined by Pierlot et al. (2017) and is 
considered both the most complex and performing indicator among those examined (see Section 5). 

DRAINAGE-HAIR is described as being derived from a classical meta-modelling approach within an 
underlying MACRO flow model In practical use, HAIR defines a scenario comprising the region, 
compounds, crop(s), and time period of interest, which is linked to underlying databases to supply the 
parameters for the model. Modelling focusses on four components: terrestrial, aquatic, groundwater, 
and workers/bystanders, and the wider software system also includes a number of more general 
indicators linked to overall protection goals (Kruijne et al. 2014). Unlike some other ETR approaches, 
chronic and acute risk are both considered in the calculation of toxicity and there is more support for 
filling of missing values than in other comparable systems (Kruijne et al. 2011). For details of calculation 
see Kruijne et al. (2011). Despite being the culmination of a major European research effort, evidence 
for the integration of HAIR into policy instruments is sparse. Likely this is in part because those 
countries placing the greatest emphasis on PRI development often have their own competing National 
PRI (Section 5), and the highly data intensive nature of the indicator make it less suitable for countries 
without a robust existing reporting network. Overall HAIR is a highly developed and complex system 
of different indicators that mostly lacks a clear functional role within current EU policymaking. It may 
be that overtime, as broader issues in EU wide collection of usage data are resolved (see Section 5) 
this indicator will return to prominence.  

https://www.pesticidemodels.eu/hair/home
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OECD indicators 
Another influential alternative approach to try to build a harmonised and comprehensive indicator was 
led by the OECD (OECD 2000) culminating in the indicators known as REXTOX, ADSCOR and SYSCOR 
(Gutsche and Carley, n.d.). These three indicators are all aimed at estimating how much of an applied 
pesticide migrates from the site of application to surface waters, and its significance for aquatic 
organisms 

• REXTOX (Ratio of EXposure to TOXicity) is defined as the total usage divided by the toxicity for 
relevant organisms multiplied by two indexes of exposure, representing the % of material 
entering the surface water by spray drift and the % entering the surface water by run off. 
Calculating these measures incorporates local information on slope, precipitation, soil type, 
width of buffer zones required for risk mitigation and pesticide characteristics, as well as mode 
and intensity of application. Criticism of REXTOX tends to centre on large data requirements, 
as well as on the relative dominance of spray drift relative to surface run off (Møhlenberg, 
Gustavson, and Sørensen 2002). The same authors also note that under field conditions the 
value can be approximated as a weighted sum load index (ratio of QA to aquatic toxicity) 
between two categories of pesticides: those with a spray buffer zone and those without. In 
one of the few comparative studies that include this measure (Møhlenberg, Gustavson, and 
Sørensen 2002) REXOR was found to show similar patterns to the much simpler Treatment 
Frequency Index (called Frequency of Application), which may account for why it is not more 
widely discussed in recent PRI reviews.  

• ADSCOR (ADditiveSCORing) is a categorised version of the same core concept as REXTOX. Here 
the exposure parameter is represented by predefined scores linked to the method of 
application, the dose rate, the frequency of application, and observance of buffer zones 
(values on page 23 of Møhlenberg, Gustavson, and Sørensen (2002)). As with previous 
comments on the EIQ, this use of fixed scores to represent differing degree of risk has been 
subject to criticism, particularly when compared to more sophisticated modelling approaches, 
and leads to relatively poor performance in the comparative analysis by Pierlot et al. (2017) 
although still well beyond those achieved by quantity only measures.  

•  SYSCOR (SYnergistic SCORing) takes this concept of categorisation even further by using 
predefined tables to combine scorers a for all exposure-related and hazard variables (including 
for area treated). This final indicator was designed in part to try to resolve the issue of 
synergistic responses between variables, although there is limited information regarding 
relative performance with respect to other indicators.  

As with HAIR despite having been the product of major transnational research effort there is limited 
evidence for the adoption of OECD indicators in the development of policy. Those countries that were 
involved have tended to favour their own national indicators, presumably as these better reflect local 
decision making and data availability (Møhlenberg, Gustavson, and Sørensen 2002). Hence while 
significant for understanding the development of PRIs internationally there appears to be little 
practical significance associated with these indicators in terms of policy development.  

Other well characterised approaches  
Other well characterised examples of indicators drawing on the exposure toxicity ratio approach 
include the Environmental Potential Risk Indicator for Pesticides; EPRIP (Padovani, Trevisan, and Capri 
2004; Tsaboula et al. 2016), the Pesticide Impact Rating Index; PIRI (Kookana, Correll, and Miller 2005) 
and the Ecological Relative Risk; EcoRR (Sánchez-Bayo, Baskaran, and Kennedy 2002). Each of these 
has seen some practical use in various contexts and EPRIP is recognised as one of the best performing 
indices in the comparative analysis by Pierlot et al. (2017).  

Mechanistic and complex models  
The line between what constitutes a complex indicator as opposed to a ‘model’ is inherently subjective 
and dependent of the scale of the question and sophistication of the user. For ease of discussion we 
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will use ‘model’ to refer to either a statistical estimate of toxicity (or more commonly estimating 
exposure within a compartment), or to a mathematical descriptions of a mechanistic process related 
to how a compound travels or is broken down within a compartment (most commonly soil and or 
ground water). Our review of this subject will, by necessity, be brief as this is a large area of technical 
research with many different approaches. Interested readers are referred to work by Siimes and 
Kämäri (2003); Dubus and Surdyk (2006) for a general introduction to fate modelling and discussion of 
some of the most influential approaches.  

Environmental fate modelling began in the mid 1980’s with an emphasis on the simulation of pesticide 
transfer through a soil column. Since then a huge variety of different models have been developed, 
with varying degrees of integration into PRIs and the characterisation of risk to non-target systems. 
Data requirements vary wildly but most incorporate elements of local climate, properties of the soil, 
and crop cover, as well as the application rates, sorption and degradation characteristics of the active 
compounds applied in PPPs (Dubus and Surdyk 2006). In many cases, implementation of the various 
models involves an extensive calibration phase to parametrise the model for local conditions and may 
involve extensive assumptions based on standardised scenarios (Dubus and Surdyk 2006). As with 
other elements of PRI development there has been a historic tendency for fate models to be developed 
in isolation to reflect particularly conditions and experimental set ups (Siimes and Kämäri 2003). 

Compared to PRIs, the regulatory importance of fate models has led to a greater emphasis on 
validation and prediction of field or lysimeter datasets. It should however be noted that validation 
status of models is complicated by the requirement for calibration and there are often extensive 
uncertainty and subjectivity in the value of underlying parameters when applied to novel conditions 
outside of the original devlopement context (Dubus, Brown, and Beulke 2003). Comparative studies of 
different approaches are rarer, with one the largest being that of Vanclooster et al. (2000) which 
explored 36 combinations of models and scenarios across four major EU Member States, and included 
general recommendations for improving the quality and repeatability of datasets. The general 
conclusions of validation studies summarised in Dubus and Surdyk (2006), indicate that the level of fit 
obtained with pesticide fate models against lysimeter or field data is usually within one order of 
magnitude of the observed concentrations (assuming adequate calibration) and that the potential (or 
lack of) for leaching is usually adequately represented (Dubus and Surdyk 2006). In Europe the FOCUS 
group of experts from regulatory authorities, registrants and government institutes/universities has 
played a key role in helping to harmonise differing approaches (Labite et al. 2013) and several fate-
models have been adapted for regulatory and authorisation practice at a transnational level.  

MACRO (Jarvis 1995; Dubus and Brown 2002; Dubus, Brown, and Beulke 2003; Larsbo et al. 2005) is a 
one-dimensional dual-permeability model of water flow and solute transport in macro-porous soil and 
has a long history of development and evaluation across different European contexts (Dubus and 
Surdyk 2006). Importantly for the development of PRIs, MACRO is the underlying model for drainage 
output into surface water in both the SYNOPS and HAIR frameworks and has thus been highly 
influential in the development of complex ETR indicators. In more recent works, MACRO is often paired 
with the crop growth model STICS (Lammoglia et al. 2017; 2018) to simulate pesticides fate in complex 
cropping systems and to consider some agricultural practices such as fertilization, mulch, or crop 
residues management. MACRO is the only example of a fate-model included in the comparative 
analysis of Pierlot et al. (2017), where it was parameterised using multiple sets of calibration 
parameters for two of the study sites in France. The input soil variables needed to run the model were, 
i) for each soil layer, depth, texture, stoniness, pH, organic matter content, ii) bedrock nature, and daily 
weather data, rain, evapotranspiration, minimum and maximum temperature, collectively given some 
sense of the extent of localised information required by typical fate models. Unsurprisingly MACRO 
was one of the most successful tools examined by this study for predicting local concentrations in 
downstream freshwater (See Section 4, Figure 1). However, the huge costs associated with required 
data acquisition make it unlikely that it will ever be possible to scale such a procedure to a general use 
tool at the farm level (see discussion in Section 4).  
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Other fate models relevant for understanding the PRI outlined above include SCI‐GROW, PRZM and 
PESTLA. The first two were developed by the US Environmental Agency Office of Pesticides as screening 
tools to estimate drinking water pesticide exposure concentrations in groundwater (Estes, Pai, and 
Winchell 2016). SCI-GROW, the older of the two indices, is based on a pesticide’s aerobic soil 
degradation, half-life, and linear adsorption coefficient normalized for soil organic carbon content, in 
combination with the maximum application rate and number of annual applications. This concept is 
routinely derived for standardised soils (or averaged over multiple soil types) and appears in the 
environmental fate component of the Danish PLI (Kudsk, Jørgensen, and Ørum 2018). PRZM is a more 
sophisticated and localised one-dimensional finite-difference model that accounts for pesticide and 
nitrogen fate in the crop root zone8 and has now largly replaced SCI-GROW for regulatory assessment 
of environmental impact of PPPs in the USA9. PESTLA (van den Berg and Boesten 1998; Boesten and 
Gottesbüren 2000) is another influential fate model developed originally in the Netherlands, and 
integrated into the Belgian POCER indicator (Claeys et al. 2005). Like MACRO, PESTLA is a deterministic 
model, although its core structure is quite different and emphasises water flow, soil temperature and 
pesticide behaviour as separate elements.  

Finally it is worth noting that a small number of very recent studies have begun to explore the potential 
role of ‘big data’ and machine learning approaches in the area of PPP risk modelling e.g. Trajanov et al. 
(2018). The challenge for these methods thus far has been obtaining adequate training data, 
particularly for ‘end-points’ such as the occurrence of “risky” applications (Trajanov et al. 2018), as well 
as issues of generality and ‘overfitting’ to potential unrepresentative populations (see discussion in 
Vanclooster et al. (2000)). As the extent of data science in the agricultural sphere continues to grow 
we should expect that these kinds of more general ‘big data’ tools will see increasing use (Wan 2015; 
Kamilaris, Kartakoullis, and Prenafeta-Boldú 2017), although they are unlikely to ever fully replace the 
deterministic frameworks outlined above, and any eventual policy implications are difficult to predict 
at the present time.  

4. Comparing Pesticide Risk Indicators 
When considering how to compare different PRI approaches and methods there are several factors 
that need to be considered. The first is the obvious question of how well various methods predict the 
environmental and human health impacts associated with PPPs. As noted in our introduction to Section 
3,  calculating the ‘true’ impact of a given set of PPP inputs is usually prohibitively expensive in a real-
world context, and hence the majority of studies that have compared the predictive power of PRIs 
have focused either on understanding the consistency of different PRIs to predict the same relative 
ordering of compounds (e.g. (Möhring, Bozzola, et al. 2020; Möhring, Gaba, and Finger 2019; Reus et 
al. 2002)), or have explored the power of methods to predict concentration of compounds in a 
specified compartment as an indirect proxy for risk (e.g. Oliver et al. 2016; Pierlot et al. 2017)). The 
authors were unable to find any examples of studies where PRIs have been assessed on their ability to 
predict the value of an ecologically relevant end point, e.g. the change in population of a vulnerable 
species, and there are significant challenges towards conducting such a study under realistic field 
conditions particularly if multiple potential impacts are to be assessed simultaneously (Dubus and 
Surdyk 2006), (although see Woodcock et al. (2016) for a partial, single risk component, example). 
Given this limitation it is important to acknowledge that much of the validation and comparative work 
around PRIs has focused on the question of whether simpler and less data intensive indicators (most 
notably quantity only approaches) can be used in place of the more complex, more data intensive 
methods. It is also worth noting that comparative studies to date have tended to be geographically 
restricted, so it is not necessarily clear if the ‘best’ indicators identified are the most accurate under all 

 
8 https://www.epa.gov/ceam/przm-version-index 
9 https://www.epa.gov/pesticide-science-and-assessing-pesticide-risks/about-water-exposure-models-used-
pesticide  

https://www.epa.gov/pesticide-science-and-assessing-pesticide-risks/about-water-exposure-models-used-pesticide
https://www.epa.gov/pesticide-science-and-assessing-pesticide-risks/about-water-exposure-models-used-pesticide
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circumstances, e.g. due to variation in underlying soil types (Pierlot et al. 2017), and this limits our 
ability to rank different approaches consistently.  

The other aspects of comparing PRIs relates to the usability of the various indices for practical (and 
especially large scale) decision making (see discussion in Section 5 on the various uses to which of PRI 
have been applicable). The most common framework for addressing usability relates to complexity of 
the indicator and the extent of data requirements, particularly focusing on information which must be 
collected at a field or application level (such as slope, distance to water bodies, soil properties and 
weather conditions at time of spraying (Pierlot et al. 2017)).This reflects the important role of costs of 
data acquisition/standardisation in the practical application of PRIs, particularly when used at scale 
(Feola, Rahn, and Binder 2011). Figure 1, taken from Pierlot et al. (2017), shows the indices we have 
considered in terms other predictive qualities relative to complexity. It shows, to no great surprise, 
that more complex indices, up to and in including mechanistic models, will generally outperform simple 
indices, particularly those based on ‘quantity only’ measures. However, for practical implementation, 
calculating these more complex indices tends to draw on localised data sources, which can be 
expensive to collect and aggregate, particularly at the national or transnational scale.  

In addition to the data ‘overhead’, consideration of usability needs to account for the intrinsic 
complexity of the calculation associated with different PRIs. In most cases the intended audience for 
PRIs are non-technical, and thus particularly sensitive to the burden of trust required to calculate some 
of the more complex indices (Rose et al. 2018). Increasingly there has been a trend towards the 
development of dedicated software packages to help support calculation, although many of these are 
still dependent on an in-depth understanding of, for example, databasing software to use effectively 
(Feola, Rahn, and Binder 2011). In general, there is a strong trade-off between the usability of PRIs and 
their quality of prediction ((Dubus and Surdyk 2006); Figure 1) , which is reflected in the persistence of 
conceptually simple approaches in the area of policy development concerning large spatial scales, such 
as national or international monitoring efforts, or where transparency and stakeholder trust are key 
concerns (Rose et al. 2018). The remainder of this section reviews the classes of indicator described in 
Section 3 with some general comments on performance before moving in detail onto the small number 
of field validation studies that have attempted to examine the performance of PRIs under realistic field 
conditions. 
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Figure 1 Conceptual schematic of results of the comparative study of PRIs conducted by Pierlot et al. (2017). Figure taken from 
the cited reference. 

General criticisms of PRIs  
Before reviewing the differences between the various forms of PRI and the evidence for their quality 
of prediction, it is worth noting some general criticisms that apply to almost all existing PRIs. In their 
original criticism of the EIQ, Dushoff, Caldwell, and Mohler (1994) made several key points regarding 
the general structure of PRI methodologies, some of which are still relevant despite the development 
of increasingly sophisticated methodologies. The first is that, in almost all cases, when multiple 
substances are considered within a PRI the aggregate risk of the collective group is represented as the 
simple sum of the risks for each individual substance. This is somewhat problematic given the 
increasing concern for and research into synergistic effects linked to the impact of mixtures of PPP on 
non-target organisms (Laetz et al. 2009; Chen et al. 2015; Bopp et al. 2019; More et al. 2019) but is 
also a natural consequence of a regulatory regime where substances are approved in isolation as 
opposed to as part of specified spray regime (Labite, Butler, and Cummins 2011; Milner and Boyd 2017; 
More et al. 2019). The ongoing Euromix project10 represents one of the first systemic attempts to 
develop processes for component‐based mixture risk assessment (van der Voet et al. 2019), alongside 
work by EFSA on the development of cumulative assessment groups on the basis of toxicological 
profiles (EFSA 2013; Bopp et al. 2019; More et al. 2019). As yet this work has not filtered into the wider 
conversation regarding development of PRIs but may become increasingly relevant as methods 
develop. It should also be noted that the study of PPP mixtures remains a large and complex field of 
research, including various approaches to the devlopement of appropriate null models (reviewed in 
Schäfer and Piggott (2018)) which may come to provide a conservative approximation of expected 
impact in the absence of explicit synergistic effects (see e.g. Belden, Gilliom, and Lydy (2007)) and that 

 
10 https://www.euromixproject.eu/  

https://www.euromixproject.eu/
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current guidance from the EFSA identifies the ‘concept of dose addition as a pragmatic and precautious 
default assumption, unless there are indications that the alternative concept of response addition is 
more appropriate’ and that the ‘competing concept of response addition often under-predicts 
observed mixture effects’(More et al. 2019).  

What is perhaps a more troubling criticism of PRIs is the distorting effects that having a single indicator 
value can have on decision making, particularly when combined with legislative thresholds which can 
create perverse incentives and/or marginalise the cumulative risks of ‘safe’ applications (Dushoff, 
Caldwell, and Mohler 1994). As with many areas of agricultural policy, clarity of presentation and 
knowledge of uncertainties are key components of PRI design and strongly influence how stakeholders 
would be expected to interact with the indicators (Möhring, Wuepper, et al. 2020). By design, many 
PRIs mask uncertainty in the underlying information to better present a simple decision support tool 
or to reflect the needs of non-technical audiences. Various authors have called for the entire concept 
of PRIs to be abandoned in favour of more tabular presentations of the underlying risk estimates for 
various different organisms or compartments (Dushoff, Caldwell, and Mohler 1994), although without 
necessarily a clear consideration for how these trade-offs would then be managed by stakeholders. 
The current authors take the position that having a single value or classification is a vital component 
of what makes PRIs functional as decision support tools, but acknowledge that there may be cases 
where having a broader framework of information is useful, particularly when assessing what and 
when to apply or for comparing change at the landscape level (Section 5). Beyond the small number 
of methods that explicitly attempt to characterise uncertainty (most notably I-Phy (van der Werf and 
Zimmer 1998)) there is very limited discussion of the role that uncertainty might play in 
implementation of PRIs, with many authors favouring the use of conservative values or worse case 
scenarios, in place of any explicit consideration of underlying uncertainty in measures or parameter 
estimates (Dubus and Surdyk 2006).  

Conceptual strengths and weaknesses of different approaches 
Perhaps the most controversial question in comparative analysis of PRIs is how well do the simplistic, 
but easily calculated, ‘quantity only’ indicators approximate the risks identified by more sophisticated 
models. The idea that with an appropriate representation, approximate risk could be estimated using 
data collected only from spray records is very appealing to policy makers, as it negates many of the 
difficulties around data acquisition and representation that limit some of the more sophisticated tools.  

A recent study explicitly compared the predictive power of two quantity only indicators (QA and TFI) 
with the more complex Danish PLI, across a multi-year sample of Swiss farms (Möhring, Gaba, and 
Finger 2019). The results suggest these indicators, while having overall positive significant correlation 
with one another, have no statistical dependence with one another at the upper tails of the 
distribution, in other words; QA and TFI can be interpreted as having low power in the prediction of 
those places and times where the PLI indicates a high risk of non-target impact (Möhring, Gaba, and 
Finger 2019). A similar conclusion was also reached in a follow-on study that also considered the 
apparent impacts on agricultural productivity (Möhring, Bozzola, et al. 2020). Perhaps of most concern 
from a regulatory point of view, there is evidence that the apparent direction of trends in pesticide 
impact can be a function of indicator choice, with quantity only indicators diverging dramatically from 
those which have an inbuilt concept of toxicity (Kniss 2017; Möhring, Gaba, and Finger 2019). This 
presents a serious challenge to regulators and policy makers as it suggests that changing the indicators 
used may change the apparent direction of travel in National Action Plans. At present there is limited 
evidence to suggest that ‘quantity only’ indicators can approximate the behaviour of more complex 
and more scientifically justified indicators, and hence their persistence in policy decisions is more a 
reflection on data availability (particularly at the trans-national scale), procedural inertia, and concerns 
over the transparency of any competing approaches, as opposed to a consistent science and evidence-
based case for use.  
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Criticism of weighted multi-component PRIs has tended to focus on two issues. The first is the 
subjective binning or point allocations associated with splitting underlying continuous measures into 
categories as previously outlined in our discussion of the EIQ (Dushoff, Caldwell, and Mohler 1994), 
see above). This is less of an issue in some of the more recent indicators, notably the PLI, which tend 
to be more consistent in how they represent differences between chemicals during calculation. What 
is however a more general feature of weighted multi-component approaches is the inherent 
subjectivity that arises from using arbitrary numerical weights to represent the relative ‘importance’ 
of different aspects of risk, as opposed to having an explicit estimate of concentration in a given 
compartment (as would be the case in a ETR based index) (Maud, Edwards-Jones, and Quin 2001). It 
should be noted that in a comparative analysis such as a time series, subjectivity in weighting is not 
inherently damaging so long as the calculation is treated consistently (i.e. you can still identify trends 
of increasing or decreasing risk), but it does introduce an inherent political and opaque aspect to the 
calculation, with the potential for conflict and challenge among different stakeholders. Guidance on 
how to establish such measures of relative ‘importance’ is conspicuously absent from discussions of 
index definition development (e.g. OECD (2004)), and represents a more general failure to engage with 
stakeholders in tool development (Rose et al. 2018).  

There are other concerns over the scope of various PRIs, e.g. with Maud, Edwards-Jones, and Quin 
(2001) explicitly rejecting the idea that human health and environmental impacts should be considered 
within a single measure (on the basis that this prejudices the index when considering trade-offs), 
whereas many more recent authors would see the human health aspect as one of the central purposes 
of having an indicator for non-target risk (e.g. Kudsk, Jørgensen, and Ørum (2018)). It is important to 
recognise that neither of these positions is unjustified, but they do reflect that developing an indicator, 
particularly when used for policy, cannot be cleanly separated from the implicit value judgements and 
trade-offs implicit in agricultural policy. The key to further development therefore lies less in trying to 
develop some idealised multi-component PRI, which perfectly describes risk, and more in the 
conversations around ensuring transparency and trust in whatever measures best reflect local policy 
concerns (Feola, Rahn, and Binder 2011).  

When looking at ETR derived methods there is broad consensus that these are the most ‘realistic’ and 
‘objective’ approaches for the assessment of risk. Most benchmark studies, e.g. Feola, Rahn, and 
Binder (2011); Pierlot et al. (2017), have tended to favour exposure–toxicity ratio approaches, and the 
former study makes a strong case that the tested non-ETR approaches (including the EIQ and 
PestScreen) are inadequate to represent the implied risks associated with specific compounds under 
the tested ETR methods. However, as previously stated there are challenges of data availability, 
reliance on models with specific geographic scope and general user friendliness associated with many 
of these approaches and may limit their application outside of their original development context 
(Feola, Rahn, and Binder 2011). The increasing availability of freely accessible user-friendly software 
for indicators such as EPRIP (Trevisan, Di Guardo, and Balderacchi 2009), SYNOPS (Strassemeyer et al. 
2017) and HAIR (Kruijne et al. 2014)) makes it much easier for indicators be adopted in practice at the 
farm or application level, but there are still many outstanding challenges with aggregation and the user 
experience of technical tools. The transition away from Excel spreadsheets and/or Access databases 
(Labite, Butler, and Cummins 2011) towards more online tools helps to support improved user 
experience, but also presents challenges around access, data usage and recording that need to be 
overcome. At present the best that can be said is that, within the EU, and particularly those countries 
that have well defined and active engagement in pesticide risk, the direction of travel is towards more 
integrated and centralised tools for calculating PRI, although at present such efforts are highly 
restricted by a lack of standardised frameworks and national priorities (see Section 5 and discussion in 
Nicholson et al. (2020)).  

Validation: How well do PRIs perform in field conditions? 
As noted above when we talk about the practical performance of PRIs, we are usually addressing the 
ability of tested indicators to predict the observed concentration (or some metric thereof) in a specific 
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compartment (typically surface water) based on known applications. Such an approach naturally 
favours ETR like indicators, which are explicitly designed to predict such exposure, but can still be 
informative for the performance of simpler approaches. A typical validation study such as that of Oliver 
et al. (2016), compares field measures from a small number of sites, in this case two Australian 
orchards over a two year period, and examines the correlation of a small number of risk indices, in this 
case PIRI and EPRIP, based on spray records. In this particular instance both indicators corresponded 
loosely with each other and with the empirical measurements of environmental PPP occurrence, with 
the authors ascribing discrepancies to a failure to appropriately account for buffer width (a common 
source of uncertainty in many ETR approaches due to high variation between methods, application 
and compounds), as well as questions over the generality of the tested indicators (Oliver et al. 2016). 

By far the most comprehensive validation study for PRIs is one we have cited multiple times in this 
review that of Pierlot et al. (2017). These authors took run-off measurements from three localities in 
France and compared the ability of the 26 examined indicators to predict a) frequency of exceeding a 
0.1µg/L water quality threshold, b) maximum concentration over the monitoring period c) maximum 
flux of active ingredient, d) cumulative flux over the measurement period and e) weighted average 
concentration. Measurements were taken at the field scale and represented a range of soil types and 
application periods with 20 different compounds being applied as appropriate to cropping, which 
included maize, spring peas, winter peas, broad beans and winter wheat. A summary of their overall 
findings is shown in Figure 1. Pierlot et al. (2017) also note that the performance of many PRIs including 
some fairly sophisticated approaches is relatively poor is absolute terms, which they assign to a 
combination of necessary simplifications imposed by the experimental setup, such as not including 
daily climatic data and water status of soil, as well as the fact that most indicators (by-design) do not 
include any effect of random variation in the underlying measures. It should also be noted that the 
authors themselves outline the restrictive geographic scope of their analysis and emphasise that wider 
and more inclusive studies would be a valuable addition to the development of PRIs (Pierlot et al. 
2017). 

5. Pesticide Risk Indicators in practice 
The principle context around the practical use of PRIs (outside of an academic setting) can be broken 
down into five major areas. In this section we briefly review the roles played by PRIs in each of these 
cases with some practical examples from across Europe.  

Tools for decision making by farmers and advisors 
The first area in which PRIs have seen practical application is as tools for decision making by farmers 
or their advisors regarding which compounds to apply and when. The increasing development of 
software tools, and especially online platforms, are allowing elements of risk to be incorporated into 
management decisions, such as, when or what products to apply, although in many cases these are 
restricted to specific geographic scope due to the need for representative underlying datasets 
(Nicholson et al. 2020).  

This style of tool and its impacts on pesticide management is the subject on the ongoing EU FAIRWAY 
project, the report of which (Nicholson et al. 2020) identifies over 150 decision support tools (DST) 
associated with reductions in nitrate and pesticide inputs. Of the nine pesticide management decision 
support tools examined in detail by these authors several have direct ties to the PRIs discussed above, 
most notably the Dutch EYP (Reus and Leendertse 2000). Other farm level tools for pesticide decisions 
include FARMSCOPER (developed in the UK (Gooday et al. 2014; Price et al. 2011)), and DST Plant 
Protection Online (developed in Denmark11), with a number of others designed to be applicable at the 
catchment/regional level. Uptake of decision support tools has been patchy (Rose et al. 2016), with 
users of DST Plant Protection Online in Denmark highlighting several issues, including tools being too 
time consuming and complex for practical use (see also Rose et al. (2018)), as well as citing competition 

 
11 https://plantevaernonline.dlbr.dk/cp/menu/Menu.asp?id=djf&subjectid=1&language=en  

https://plantevaernonline.dlbr.dk/cp/menu/Menu.asp?id=djf&subjectid=1&language=en
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from consultants, and lack of confidence in underlying data or algorithms (Nicholson et al. 2020; 
Möhring, Wuepper, et al. 2020).  

Language barriers have been identified as significant restrictions on the adoption of tools outside of 
their original county of development, as are the integration of tools into a specific countries’ legal 
framework (which can make it difficult for tools to transcend national boundaries) (Nicholson et al. 
2020). In a similar way to PRIs in general, this has led to a proliferation of tools, and considerable 
redundancy, as researchers and policy makers have developed unique solutions to their specific 
circumstance rather than adapting general-purpose frameworks. Projects like FAIRWAY are a useful 
first step towards the development of more harmonised and general use approaches but also highlight 
the outstanding issues around developing an intuitive user experience, developing trust (both in the 
tools themselves and the correctness of the underlying data and models), and maintaining compliance 
to the ever shifting legislative and policy environment surrounding PPP use (Rose and Bruce 2018).  

Tools for surveillance and monitoring 
The second context for PRIs is tied to monitoring and the assessment of change within the landscape. 
This is probably the area of greatest concern to policy makers and is the principle function that the 
described PRIs play within National Action Plans or other related monitoring activity (Barzman and 
Dachbrodt‐Saaydeh 2011). As noted above, several of the indicators described are integrated to a 
greater or lesser degree with National Action Plans and serve as key indicators of change within the 
landscape (Barzman and Dachbrodt‐Saaydeh 2011). Historically, ‘quantity only’ indicators dominated 
surveillance activity such as volume consumption in the Netherlands (up until 2010, when it was 
replaced with the Environmental Yardstick for Pesticides), the TFI in Denmark (up until 2013 when it 
was replaced by the Pesticide Load Indicator) and the NUD in France (often used in conjunction with 
TFI) (Barzman and Dachbrodt‐Saaydeh 2011; Sud 2020). Among the more complex indicators, SYNOPS 
has been the basis for reduction targets in Germany since 2009, based on a representative sample of 
farms taken from across the various regions, and Belgium makes use of an indicator called the Pesticide 
Risk Indicator for Belgium; which is derived from POCER, to help set national impact reduction targets 
(Vergucht and Steurbaut 2007; Van Bol and Pussemier 2005; Barzman and Dachbrodt‐Saaydeh 2011). 
Measured using SYNOPS reductions in in impact in Germany in 2006 to 2008 (relative to the mean of 
the reference period of 1996 to 2005) show a mixed pattern across different classes of PPP, with 
fungicides generally lagging behind targeted reductions compared to those of insecticides and 
herbicides (despite relatively stable trends in total PPP sales across all three groups, see12) 
(Strassemeyer and Gutsche 2010). Perhaps the most significant example of PRI in surveillance occurs 
in Denmark where, due to a long standing and comprehensive system of registration of pesticide 
usage, it is possible to visualise, at fine geographic scale the estimated impact on the landscape based 
on the Danish Pesticide Load indicator (Kudsk, Jørgensen, and Ørum 2018; Pedersen and Nielsen 2017), 
which is now integrated both into taxation and reduction targets (Pendersen, Helle, and Andersen 
2015). By contrast, the UK National Action Plan (Defra 2013), in common with the majority or EU 
countries, has not included clear quantitative end points, but used a more distributed approach 
discussed in Section 6 (Barzman and Dachbrodt‐Saaydeh 2011).  

At the broader EU scale crude ‘quantity only’ sales-based data tends to underpin policy developments 
due to the limited data requirements and the need to compare across many regimes with very different 
approaches to PPP surveillance. At the heart of EU monitoring of PPP use are a series of data challenges 
historically associated with the inconsistent way in which regulations have been handled/interpreted 
across Member States. The result has been a great deal of confusion as to precisely which sets of crops, 
statistical units and active substances are compiled across different countries, which has compromised 
efforts for consistent surveillance of change (European Court of Auditors 2020). This is made more 
problematic by the fact that under current regulations data is only required to be reported for a 

 
12 http://www.ceureg.com/18/docs/presentations/19_Joern%20Strassemeyer_Germany.pdf  

http://www.ceureg.com/18/docs/presentations/19_Joern%20Strassemeyer_Germany.pdf
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reference period of maximum 12 months at any time within a five year period13 (European Court of 
Auditors 2020), making it very difficult to assess trends in a rapidly changing market or to understand 
the impacts of changing authorisation regulations and product withdrawal. While Member States have 
been obliged to monitor a specified set of 36 active substances with respect to surface water under 
the environmental quality standards since 200814, data on agricultural PPP use have only been 
recorded since 2015 and is subject to problems of statistical aggregation, which have prevented the 
development of harmonised values for the total amount of PPP application (European Commission 
2019). The 2019 Commission report (European Commission 2019) highlights a number of areas 
requiring improvement in the generation of regular and consistent transnational statistics on PPP 
usage. The commission report also notes that due to the extensive time lags associated with the data 
collection it will take some time for such harmonisation to have a measurable impact and it is likely to 
be several years before consistent and coherent transnational records of pesticide usage become 
routine available for policy development (European Commission 2019).  

Neither of the EU’s current harmonised risk indicators are considered to be strongly indicative of risk 
to non-target systems, with HR1 being particularly criticised for its crude aggregation, failure to 
account for the context of PPP usage, and a lack of scientific rationale for the chosen weightings 
(European Court of Auditors 2020). A recent review of data practice (European Commission 2020) 
outlines the upcoming strategy around collation of Statistics on Agricultural Input/Output (SAIO) which 
indicates that for pesticides, national statistics of total usage by crop are expected to be reported every 
fifth year to supplement annual sales records. Note that this contrasts with the UK where usage data 
is reported biennially for major crop groups on based on the Pesticide Usage Survey, e.g. Garthwaite 
et al. 2019; see Section 6 for discussion. It remains to be seen if an adequate harmonised approach can 
be established at an EU level and what future role such statistics can play in the development of more 
sophisticated PPP surveillance at the transnational scales and in associated policy devlopement.  

It should be noted that while some PRI are treated as monitoring and surveillance tools in their own 
right (Kudsk, Jørgensen, and Ørum 2018), integration with other surveillance of relevant endpoints is 
often lacking (Mancini, Woodcock, and Isaac 2019). For example, while limited surveillance of water 
bodies is routine in many Member States, there are relatively few examples outside of dedicated 
validation studies (see Section 4) that have attempted to link these to local spray records to help 
understand how well predictive tools represent exposure risk in the field. Likewise, only a small 
number of studies have explicitly examined the linkage between changes in monitored populations of 
organisms of concern (such as the standard reference organism used in laboratory studies) and 
pesticide risk indicators, largely due to a lack of data availability. In one rare example from the UK, 
Woodcock et al. (2016) used a PRI called the foliar insecticide impact index (derived from part of the 
EIQ and subject to the same issues of binned high, medium and low toxicity scores) to predict 
population change in bees over the English landscape based on a well-established voluntary national 
survey between 1994 and 2011. Their findings, which correlated neonicotinoid exposure with regional 
declines in species known to habitually forage on treated crops, provides a model for how PRI 
measures might be integrated into wider ecological studies on changes in wildlife populations (see 
discussion in Mancini, Woodcock, and Isaac (2019)). On the human health side the work of Larsen, 
Gaines, and Deschênes (2017) and others provides a well-defined framework for analysis of concerns, 
all be it one which has largly been conducted using ‘quantity only’ measures of impact. As surveillance 
becomes increasingly sophisticated and improved data resources become available we expect the 
integration of PRIs into studies of non-target impacts will continue to grow, although at present the 

 
13 Regulation (EC) No 223/2009 of the European Parliament and of the Council of 11 March 2009 on European 
statistics. 
14 Directive 2008/105/EC of the European Parliament and of the Council of 16 December 2008 as amended by 
Directive 2013/39/EU of the European parliament and of the Council of 12 August 2013 
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lack of coherent and accessible data resources make this challenging outside of a small number of 
intensive surveillance regimes.  

Tools for administration of policy instruments 
As well as being tools for monitoring change some PRIs are also linked to the implementation of 
practical policy instruments (Lee, den Uyl, and Runhaar 2019). Perhaps the most notable examples of 
such instruments are the various approaches to pesticide taxation used in different European countries 
many of which have direct ties to specific PRIs (Böcker and Finger 2016; Finger et al. 2017). Norway, 
Denmark and France have all at various times used differentiated pesticide taxation schemes linked to 
the estimation of ‘risk’ for specific PPPs (Böcker and Finger 2016; Finger et al. 2017). These include 
relatively simple systems such as Norwegian Banded Pesticide Tax Scheme (Norwegian Food Safety 
Authority 2005), as well as much more complex instruments such as the Danish Pesticide load indicator 
(Böcker and Finger 2016; Pedersen and Nielsen 2017). The success of these instruments in achieving 
impact reduction objectives has been mixed, with the very low taxation rates implemented in France 
being associated with a failure to achieve objectives and a near complete revision of the scheme in 
2008, some substitution for lower risk compounds reported in Norway (Bragadóttir et al. 2014), and 
substantial (40% between 2013-2015) reductions in non-target impact based on the PLI reported in 
Denmark, although without corresponding (and targeted) reduction in the amount of PPP use as 
expressed using the TFI (Sud 2020). The consistent failure of Danish pesticide action plans to achieve 
their use reduction objectives has been attributed to failures of the underlying economic model to 
accurately reflect stakeholder incentives, particularly around perceptions of risk and motivations for 
behaviour, with wider implications for the deployment of policy instruments (Pedersen and Nielsen 
2017) 

France has had a particularly complex history with pesticide policy instruments reviewed in detail in 
Sud (2020). Pesticide taxation was originally introduced to France in 2000 as part of the taxe générale 
sur les activités polluantes, which represented potential non-target impacts under seven risk 
categories based on the associated ’Risk phrases15’ (similar to the Norwegian system outlined above). 
This was replaced in 2008 with a simplified three category system as part of the Ecophyto national 
action plan, notable for its overall lack of success in achieving targeted PPP reductions (based on the 
number of unit doses index, the number of treatments per hectare increased by 29% between 2008 
and 2014 (Sud 2020)). Ecophyto Plan II, introduced on 2015, revised the national targets and 
introduced so called ‘pesticide saving certificates’ (CEPP), which are aimed at pesticide distributors, 
who must encourage farmers to adopt practices associated with lower pesticide use, with associated 
penalties if reductions are not demonstrated over a five year period (OECD 2017). As with other 
elements of French surveillance the key indicator for these reductions is the Number of Unit doses, a 
quantity only indicator criticised during stakeholder consultation for its failure to account for toxicity 
(OECD 2017; Potier 2014; Huyghe and Blanck 2017). The Ecophyto Plan II text mentions replacement 
of the NUD with an unspecified set of more finely resolved indicators, but it is unclear at the time of 
writing how these would be structured in practice (Sud 2020). Both Ecophyto schemes are also worth 
noting for their emphasis on training and technical guidance provided to farmers, including the DEPHY 
network of 1,900 demonstration farms (planned to be expanded to 3,000 in Ecophyto Plan II; Ministère 
de l’Agriculture et de l’Alimentation (2015)) , which has been highly successful in development and 
communication of approaches towards the reduction of PPP use while maintaining productivity and 
are considered one of the most successful elements of the framework (Sud 2020).  

Tools for supporting the approval of PPP 
In the UK and EU, the first tier of the approval of a novel pesticide product requires that the predicted 
environmental exposure concentration for a given compound is lower than a maximum concentration 
considered safe for non-target organisms (Schäfer et al. 2019). Current standards of pesticide risk 
assessment are tied closely to the ETR framework, with many focusing on the comparisons between 

 
15 As defined in Annex III of European Union Directive 67/548/EEC 
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so called toxicity exposure ratios (closely related to the estimated compartment exposure in the ETR 
framework) relative to trigger values based on LC50 and/or NOEC values of relevant organisms (Silva et 
al. 2019; Boivin and Poulsen 2017). Given this close conceptual similarity it is not surprising that many 
approaches for pesticide risk assessment have been adapted for PRIs under field conditions (Labite, 
Butler, and Cummins 2011). One of the key questions around authorisation and risk assessment is the 
triggering of higher tier investigation of a compound referring to testing of a prospective PPPs within 
increasingly intricate and ‘realistic’ experimental settings (Schäfer et al. 2019). Traditionally PRIs, 
known in context as ‘Plant Protection Product Ranking Tools’ played a key role in determined when 
higher tier assessment was required, a topic reviewed in detail in Labite, Butler, and Cummins (2011). 
As authorisation increasingly shifts towards a being more focused on longer term monitoring and field 
conditions (Schäfer et al. 2019), it is expected that the role played by PRIs will increase, particularly in 
the assessment of product substitution (Steingrímsdóttir, Petersen, and Fantke 2018) and the impact 
of mixtures (Bopp et al. 2019). At present it is not clear which specific indicators will be adapted for 
this expanded role and how these will filter into monitoring and decision support. Nevertheless, it is 
important to acknowledge the authorisation process as a key context for development of PRIs and one 
of the principal research areas where the next generation of indicators are likely to originate.  

Environmental life cycle assessment 
Life cycle assessment (LCA) is an increasingly important tool in economic analysis focused around 
reporting potential environmental loads and resources consumed in each step of a product or service 
supply chain (Notarnicola et al. 2017). Its application to PPPs specifically is tied to the need to 
characterises the effects on compounds applied deliberately to parts of the biosphere usually in the 
context of wider understanding of agricultural systems (Margni et al. 2002). The basic model for 
Pesticide Life Cycle Analysis resembles closely the ETR approach to PRIs, although there often isn’t the 
same degree of mathematical formalism in the structure of the resulting indicator. In general, such 
assessments include a combination of fate modelling, related to the exposure within a given 
compartment, and impact modelling which relates to the potential effects of a given exposure of 
relevant organism, and in practice are closely tied to the toxicity concept in ETR methods (Apostol et 
al. 2009). The earliest LCA methods used broad stroke assumptions to characterise fate (e.g. Margni et 
al. 2002). However more recently approaches have become increasingly sophisticated and will now 
often include multiple pathways and underlying parameters (e.g. Birkved and Hauschild 2006) which 
may in turn be derived from mechanistic models (e.g. Pest Tox; Felix, Holst, and Sharp (2019), PestLCI 
2.0; Dijkman, Birkved, and Hauschild (2012)). The most influential approach linked to LCA is the so 
called USEtox model, developed and promoted by the United Nations Environment Program and the 
Society for Environmental Toxicology and Chemistry (Rosenbaum et al. 2008; Berthoud et al. 2011; 
Henderson et al. 2011). This models the ecotoxicity impacts of PPPs through the simulation of the 
release of chemicals based on emissions from or into six main urban and continental environmental 
compartments. In many ways the role played by LCA is overlapping with that of other PRIs although its 
focus tends to be on the larger economic picture, rather than the details of decision support or in the 
specification of monitoring or policy targets (Saouter et al. 2019). The only one of the listed indicators 
developed with a LCA focus is PestScreen, which draws heavily on the LCA approaches in its conception 
of fate (Margni et al. 2002).  

6. Pesticide Risk Indicators in a UK context 
Data availability  
To discuss the role of PRIs in current and future UK PPP policy and decision making we must return to 
the theme of the availability of data to calculate different indices. In terms of recording the usage of 
PPP, the UK sits in a intermediate phase between the robust and near universal recording systems used 
in Denmark and California (Eurostat 2008), and the extremely aggregated and sparse records of sales 
records available for many other EU Member States. UK usage of PPPs is reported via extrapolation 
from a stratified sample of holdings visited during the biennial (for arable crops) Pesticide Usage Survey 
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administered by FERA science limited on behalf of UK government, and in collaboration with the 
Science & Advice for Scottish Agriculture (SASA) and the Department of Agriculture and Rural 
Development, Northern Ireland (DARD).  

The calculation of usage via the PUS begins with the DEFRA ‘June’ agricultural survey which attempts 
to characterise the number and cropping behaviour of UK holdings, and grouped based on overall 
holding size16. These groups are then combined with regional information to establish a stratified 
sample of holdings, which are then the target for visits to collect maintained spray records. The average 
rates of application calculated from these records are then rescaled to the overall population to create 
the reported statistics on use (Thomas 1999). Almost all discussion of observed trends in pesticide 
impacts within the UK, e.g. Cross and Edwards-Jones (2006, 2011) derives ultimately from the PUS and 
associated national statistics. One of the challenges implicit in using a sample-based approach to 
surveillance is the introduction of structural uncertainty associated with how well the sample 
represents the overall population. The most recent PUS reports, e.g. Garthwaite et al. (2019) have 
incorporated confidence intervals on their estimates of overall usage, although these have not always 
been appropriately incorporated into downstream estimates of potential impact e.g. The Pesticides 
Forum (2020). This intrinsic uncertainty, combined with the observation that rules regarding the 
confidentially for provided spray records, dramatically restricts the spatial resolution of available 
outputs (Mancini, Woodcock, and Isaac 2019) and has led to some calls for a more universal system of 
recording (Thomas 1999; Eurostat 2008). An important supplement to the PUS is provided by long term 
monitoring of sites such as the Game Conservancy Trust’s Sussex Study on a site in Sussex Downs, 
which since 1970 has provided data on PPP use and change in the population of various indicator 
species and is used in the development of statistics under the National Action Plan (Ewald et al. 2016; 
Defra 2013). 

In terms of supporting data, information on toxicity and other laboratory properties of active 
substances relevant to the UK are maintained in the Pesticide Properties Data Base (Lewis et al. 2016), 
the same resource which supports the Danish PLI and other international systems. What is lacking from 
current UK surveillance is for example the sophisticated GIS and scenario based tools underpinning for 
example the German SYNOPS indicator (Strassemeyer et al. 2017), which provides links to soil and 
elevation maps, as well as providing estimates for the minimal distance from the field to the edge of 
the surface water via high resolution land cover data. Given the aggregation level generated by the 
PUS it is unclear the extent to which such information would be useful under the current UK 
surveillance regime, but it is worthy of consideration in the context of decision support tools targeting 
farmers and advisors. Land cover maps for the UK are maintained by (among others), the Centre for 
Ecology and Hydrology17 and the national soil map is published by Cranfield University18. These and 
other similar resources could, in principle, be integrated into a SYNOPS like tool suitable for the UK, 
although the authors are currently not aware of any such efforts at the time of writing.  

Also relevant for the wider context of PPP usage in the UK is the government’s 25-year environment 
plan, published in 2018 (HM Government 2018) includes an indicator (H4) which is designed to 
measure ‘Exposure and adverse effects of chemicals on wildlife in the environment’(Defra 2019). At 
the time of writing construction of datasets to support H4 are largly driven by integration of existing 
surveillance and ‘data are currently available for some chemicals and some invertebrates, fish, 
shellfish, crustaceans, mammals, and birds of prey’ (Defra 2019; p 110). There is however known to be 
a wider research effort around H4 which could in future come to encompass work around PRI, and/or 
consideration of how PRI derived from the PUS could be integrated into wider national monitoring of 
PPP impacts. At the time of writing there are no explicit policy targets associated with H4, although 

 
16https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/182206
/defra-stats-foodfarm-landuselivestock-june-junemethodology-20120126.pdf 
17 https://www.ceh.ac.uk/services/land-cover-map-2015 
18 http://www.landis.org.uk/data/natmap.cfm 

https://www.ceh.ac.uk/services/land-cover-map-2015
http://www.landis.org.uk/data/natmap.cfm
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the related H3 (focused on impacts of persistent organic pollutants and specifically mercury) aims to 
achieve a 50% reduction in land-based emissions of mercury by 2030 (Defra 2019).  

Index selection 
Of the indicators listed above three have been used in the context of UK agriculture. The EIQ has been 
used for long term trend analysis based on the PUS in arable (Cross and Edwards-Jones 2006b; 2011) 
vegetable (Cross and Edwards-Jones 2006a) and orchard crops (Cross 2013), with evidence suggesting 
modest declines in impact under this measure, varying by crop type. The p-EMA index was originally 
developed in the UK but has limited practical application and has no associated time series analysis. 
Most recently, a team including the lead author have adapted the Danish Pesticide Load indicator to a 
UK context, incorporating a novel procedure for dealing with structural uncertainty in the indicator 
(Rainford et al. In preparation). This underlying approach, which is based on using bootstrap 
resampling of the holdings visited by the PUS in order to estimate confidence intervals on the amount 
of PPP applied, could in theory be adapted for use with other PRIs. What is unclear at present is the 
scope for adapting indices which incorporate more localised information, such as SYNOPS or POCER, 
to the sampled holdings from the PUS. Such indicators, when used as national targets, tend to utilise 
a ‘worst case scenario’ approach to even out the underlying variation between holdings, timings of 
application etc. Thus, the lack of high-resolution information of e.g. the distance to nearby water 
bodies, is less of an impediment than might be first thought for adaption to the UK. There would 
however be a need for carefully managed stakeholder engagement in how such scenarios are 
constructed given the traditional scepticism of UK stakeholders around indicators in general, and 
particularly uncertainty arising from known sampling issues in the PUS.  

Political context and targets 
The focus of political change in the area of PPPs in the UK is a) the development of an updated National 
Action Plan, scheduled for consultation in 2020, and b) ongoing change in the regulatory process 
associated with exit from the EU. At the time of writing there appears to be no discussion of a novel 
national PRI, although various NGO’s have suggested the possibility of adopting the TFI or NUD indices 
used in France and (formerly, prior to the adoption of the PLI) in Denmark(Pesticide Action Network 
UK 2018), although there is little evidence that these are consistently superior to the measures of 
overall mass currently in place (Möhring, Gaba, and Finger 2019; Lamichhane et al. 2015). At present 
it appears unlikely that the revised NAP will include specific reduction targets either in terms of 
‘quantity only’ use or an estimate of potential impact19. Defra is however exploring some of these 
indicators, e.g. (Rainford et al. In preparation), which may indicate a greater willingness to consider 
such instruments in future. The position of the UK government has traditionally been to reject an 
interpretation of the PPP Regulation which mandates a specific national reduction target, and there is 
no clear indication that this will be revised following the UK’s exit from the EU regulatory regime.  

7. Discussion and Conclusions  
PRIs are diverse metrics that have been adapted for a wide range of different policy and decision 
context. The goal of this review was to provide an overview of some of the most significant approaches 
to the approximation of risk to non-target systems and to review the context and development of PRIs 
in Europe and the UK. Broadly the major advances in PRI development over the last decade have 
tended to focus on refinement and application of methodologies most suitable for use as decision 
support tools for individual farmers and their advisors, while much of the policy focus has been at 
larger scales and the issues of how to harmonise across widely divergent national monitoring regimes. 
This disconnect between the requirements of PRIs at different scales has led to a disjointed discussion 
of the role played by PRIs, which makes general conclusions difficult to draw. On the one hand, the 
adoption by the EU of a common harmonised risk indicator for PPP use is clearly a major advance in 
terms of comparative analysis within the Union, however the statistical flaws in the calculation, as well 

 
19 https://publications.parliament.uk/pa/cm201719/cmselect/cmeuleg/301-ix/30112.htm  

https://publications.parliament.uk/pa/cm201719/cmselect/cmeuleg/301-ix/30112.htm
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as the fundamentally ‘quantity only’ nature of HR1 places it well behind academic discussion of PRIs, 
which is increasingly focused on the development of semi-automated ETR based approaches (e.g. 
SYNOPS Web (Strassemeyer et al. 2017)).  

Of the national PRIs in use across Europe, perhaps the most interesting from a UK perspective is the 
Danish Pesticide Load indicator (Kudsk, Jørgensen, and Ørum 2018), in part because its calculation is 
relatively independent of scale and easily adapted to a specific national context. In contrast with 
indicators like SYNOPS or POCER, the location specific information requirements around the PLI are 
minimal and to a large extent already collated for the UK in resources like the Pesticide Properties 
database.  It is however worth noting that the PLI was not included in the set of indicators reviewed in 
the validation study of Pierlot et al. (2017), and that other weighted multi-component approaches such 
as EIQ were identified as relatively weak performers under field conditions (Figure 1). Of the indicators 
discussed here the PLI is probably the one most easily translated to a UK context, without major 
revisions to existing infrastructure, although recent studies have shown that with expanded effort 
indicators like SYNOPS can be adapted outside of their original development context (de Baan 2020). 
It should however be noted that the widespread acceptance of such an indicator is by no means 
assured, particularly given the structural uncertainty intrinsic in the PUS, and there is considerable 
work that would be required to integrate the ETR PRIs and alternatives such as the TFI and NUD into 
the existing framework of indicators used in the UK NAP.  

The key question in the adoption of a novel PRI is understanding who the stakeholders are and what 
their information requirements are for making relevant decisions (Schäfer et al. 2019). Recently there 
has been a lot of discussion about the challenges of monitoring the post-authorisation impacts of PPPs 
(Milner and Boyd 2017), particularly in the context of the recent withdrawal of neonicotinoid 
substances over concerns regarding bee health (Mancini, Woodcock, and Isaac 2019). Such changes 
would necessitate a widescale revision to existing monitoring networks and potentially to the role of 
PRIs as decision support tools. To date the authors are unaware of any national scale post authorisation 
monitoring effort in use or planning within EU Member States, which explicitly attempts to link 
environmental observations of PPPs to PRI proxies estimated from spray records. The scope for such 
an undertaking remains largly limited by data availability even within the sophisticated monitoring 
networks of California (see e.g. Epstein and Bassein 2003; Moran et al. 2020) and Denmark20, but may 
represent the ultimate direction of travel as authorisation and monitoring systems become 
increasingly sophisticated at the landscape scale (Schäfer et al. 2019). 

Pesticide risk indicators are a valuable tool, applicable at multiple operational levels, and with potential 
to inform a wide range of decisions around the use of PPPs. The key challenge however lies in moving 
beyond specific indicators for a specific decisions and towards a more generalised and comparable 
approach which will help different stakeholders achieve a consistency in how they relate risk to non-
target systems, as well as building trust in the developed methods. As modern farming becomes 
increasingly sophisticated and as the scope for automated and standardised big data continues to 
grow, many PRIs may find a new role in the next generation of decision support tools, national 
monitoring networks and/or any revisions to the authorisation process (Kamilaris, Kartakoullis, and 
Prenafeta-Boldú 2017; Streissl, Egsmose, and Tarazona 2018; McGrath et al. 2019). There is thus a clear 
need for transparency and clear communication in what indices are adopted and a need for further 
exploration into future requirements from proxies of risk around PPPs and how these perform in 
practice. 

 

 
20 https://pesticidbelastning.dk/#/  
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