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1. Executive Summary

This deliverable (D3.3) of the AGROWISE project examines why the efficiency of Integrated Pest
Management (IPM) and agroecology-based practices varies across regions in Europe. The analysis
focuses on biophysical and agronomic factors at site level — including climate, soil, landscape,
biodiversity, pest dynamics, and legacy effects. Socioeconomic conditions and policy contexts are
excluded, as Task 3.4 aims to isolate ecological drivers of variability. To date, no comparable
framework has systematically assessed these drivers, making this deliverable a first step towards
filling this gap.

The work builds on a structured literature scan that identified recurrent site-specific factors
influencing IPM efficiency. These were synthesised into six context dependency indicators: 1)
climate and weather, 2) soil characteristics and hydrology, 3) landscape structure and topography,
4) biodiversity and ecosystem functions, 5) pest pressure and biotic risk, and 6) temporal or legacy
effects. This framework formed the basis for a systematic review of European studies, analysing
the frequency of each indicator, how indicators co-occur and identifying major remaining
knowledge gaps.

A scoring system was then developed to classify the degree of context dependency (0-3 scale) for
IPM practices. This integrates the six indicators with the ASP metrics from WP2, which measure
agronomic service provision (ASP) and improvement relative to current practice. Combining
context dependency with efficiency enables transparent assessment of whether practices are
suitable for binding rules or require local adaptation.

The methodology was applied to three case studies: codling moth management in apple orchards,
powdery mildew control in vineyards, and weed management in cereals. Practices were mapped
within the harmonised taxonomy of WP 2.1 (AGROWISE), scored for context dependency, and
interpreted in relation to their efficiency.

Across all cases, climate and pest pressure emerged as the most influential indicators, while soil
and biodiversity generally scored lowest. Temporal/legacy effects and landscape factors showed
system-specific importance, particularly in cereals (rotation history, management legacies) and
perennial crops (habitat management, surrounding land use). At sub-factor level, spatial pest
variability, climatic conditions, and seasonal dynamics were most often linked to IPM
performance.

The results provide a first overview of how site-specific factors are represented in the evidence
base and demonstrate how context dependency can be quantified for regulatory decision making.
For policy, the findings suggest that binding rules should focus on practices with low context
dependency and stable agronomic benefits, while practices shaped by high ecological variability
(e.g. climate, landscape, legacy effects) should remain optional or be supported through flexible
guidelines and local adaptation. The findings also suggest that effectiveness (ASP) and context
sensitivity are partly independent dimensions and need to be jointly considered when deriving
recommendations (e.g., binding vs. optional implementation). This differentiation allows EU
pesticide reduction strategies to combine effectiveness with fairness across diverse farming
systems.

This deliverable offers the first structured approach to classify the context dependency of IPM
practices and link these assessments with agronomic performance. It lays the groundwork for



transparent, science-based decisions in future crop- and site-specific pesticide reduction strategies
under the Farm to Fork framework.

2. Abbreviations and Acronyms

Abbreviation / Acronym Description

AGROWISE Guidelines for farm specific or crop specific rules for
mitigating pesticide impacts while ensuring sustainable
agriculture

ASP Agronomic Service Provided

IASP Improvement of Agronomic Service Provided

IPM Integrated Pest Management

PLP Strategic Integrated Project

SUD Sustainable Use of Pesticides Directive

SUR Sustainable Use of Pesticides Regulation

WoS Web of Science

WP Work Package

ZALF Leibniz Centre for Agricultural Landscape Research




3. Background

The present document constitutes Deliverable D3.3 “Context dependency of the implementation
of the practices and systems” in the framework of the AGROWISE project (Guidelines for farm-
specific or crop-specific rules for mitigating pesticide impacts while ensuring sustainable
agriculture). AGROWISE is funded under the LIFE 2023 Strategic Integrated Project (PLP) program
of the European Union, with Grant Agreement number 101148740. The project runs for 18 months
(01 May 2024 — 31 October 2025) and is coordinated by a consortium of research institutions
across Europe. Deliverable D3.3 is produced within Work Package 3 (Current state of
implementation of IPM-based practices/systems) and led by Leibniz Centre for Agricultural
Landscape Research (ZALF).

AGROWISE supports the objectives of the EU Farm to Fork Strategy, which calls for a 50% reduction
in the use and risk of chemical pesticides by 2030 and builds on the Sustainable Use of Pesticides
Directive (2009/128/EC). A revision of this directive into a Sustainable Use of Pesticides Regulation
(SUR) was proposed by the European Commission in June 2022 to establish binding reduction
targets. However, the proposal was rejected by the European Parliament in November 2023 and
formally withdrawn by the Commission in February—May 2024 due to lack of political agreement.
As aresult, the regulatory framework for pesticide reduction remains in transition, which increases
the need for practical, evidence-based approaches to guide future legislative efforts.

Within this policy landscape, IPM is recognised as the cornerstone for achieving pesticide
reduction targets, yet its practical implementation varies widely across Europe. The variability in
IPM performance is strongly influenced by local environmental conditions: identical practices can
produce markedly different outcomes depending on climate, soil characteristics, pest pressure, or
other ecological factors. Understanding these context dependencies is therefore essential for
designing effective and fair regulations: practices that perform consistently well across diverse
conditions could be made binding, whereas those with highly variable performance may require
flexibility or local adaptation.

Task 3.4, led by ZALF, specifically addresses the identification of site-specific biophysical factors
that explain differences in IPM practice efficiency. It develops a conceptual framework grouping
these factors into six high level indicators —1) climate and weather, 2) soil and hydrology, 3)
landscape and topography, 4) biodiversity and ecosystem functions, 5) pest pressure, and 6)
temporal or legacy effects — and applies this framework to literature mapping, scoring
development, and case study analysis. These results will later feed into integration with the
harmonised taxonomy of IPM practices (WP2.1) and the efficiency metrics ASP/IASP (WP2.3),
forming the basis for rule setting and policy guidance.



4. Objective/Aim

The aim of this deliverable is to establish a framework and methodology for understanding and
quantifying the context dependency of IPM and agroecology-based practices across European
farming systems. By focusing exclusively on site-specific and biophysical parameters — including
climate, soil, landscape structure, biodiversity, pest dynamics and legacy effects — this work
isolates the ecological drivers that explain why the same practice can perform differently from one
region to another.

Within the AGROWISE project, this deliverable contributes directly to the development of farm
and site-specific rules that support EU pesticide reduction targets under the Farm to Fork Strategy
and the Sustainable Use of Pesticides framework. The framework developed in Task 3.4 provides
the scientific basis for identifying:

1. Which context parameters influence IPM efficiency most strongly and how these can be
grouped into six indicators for systematic assessment.

2. How to measure context dependency using a classification scale (0-3) that can be applied
consistently across practices and regions.

3. How to combine context dependency with efficiency metrics (ASP/IASP) from WP2.3 to
evaluate when practices are suitable for binding rules and when they should remain
optional or locally adapted.

4. How the framework links to adoption and scalability of IPM measures by highlighting
where local conditions facilitate or hinder implementation.

The deliverable therefore bridges ecological analysis and regulatory application, enabling
transparent decision making on IPM practice deployment in future pesticide reduction strategies.



5. Context Dependency of IPM Practices and Systems

This chapter presents the main results of Task 3.4, which examines the context dependency of IPM
and agroecology-based practices. It introduces the conceptual framework of six site-specific
indicators, summarises how these indicators are represented in the scientific literature, and
describes the scoring methodology developed to quantify context dependency. The framework is
then applied to three case studies and integrated with existing AGROWISE outputs (IPM taxonomy
and ASP/IASP metrics) to inform rule setting for pesticide reduction strategies.

5.1. Definition of Context Dependency

Context, in its broadest sense, refers to the surrounding conditions and circumstances that give
meaning to a phenomenon. As defined by Greenhalgh und Manzano (2022), context is the set of
conditions that influence how mechanisms are triggered and how outcomes are produced. In
everyday language, context explains why an event or action may have different outcomes
depending on where, when, or how it occurs. Applied to plant protection, context dependency
describes how the performance or efficiency of IPM or agroecological practices changes according
to local environmental, agronomic, socio-economic, and policy conditions. Studies in agricultural
ecology (Deguine et al. 2021; Stenberg 2017; Wyckhuys et al. 2024) emphasise that variations not
only in biophysical factors such as climate, soil quality, and biodiversity but also in farm
management, market access, and regulatory frameworks can lead to markedly different levels of
pest pressure and biological control. These authors stress that understanding this
multidimensional variability is essential to tailor IPM strategies to specific sites and to design
robust systems that can function effectively across diverse ecological and institutional settings.

The efficiency of agroecosystems — including yield stability, pesticide use reduction, and resilience
to pests — is therefore strongly shaped by context at multiple levels. Without explicitly accounting
for these factors, no uniform assessment of IPM practice performance can be achieved.
Recognising and categorising this variability is the foundational step for developing a systematic
framework capable of guiding policy and farm-level decisions.

In the broader literature, four layers of context are often distinguished and described in more
detail:

Biophysical context: This includes climatic conditions, soil properties, landscape structure,
biodiversity, pest dynamics, and legacy effects. It addresses the ecological and physical
environment in which farming systems operate and directly influences pest development, crop
health, and the effectiveness of any control measures (Duru et al. 2015; Petit et al. 2020).

Agronomic context: Refers to crop types, rotations, tillage regimes, specific farm management
practices and farm size. These determine the agronomic background in which IPM measures are
implemented, affecting factors like nutrient cycling and crop susceptibility (Lechenet et al. 2017;
Brévault und Clouvel 2019).

Socio-economic context: Includes labour availability, market conditions, and economic
constraints. This context shapes the feasibility and adoption of IPM practices by influencing
resource availability, investment capacity, and farmer decision-making (Holland et al. 2016;
Alexandridis et al. 2021).

Policy context: Encompasses regulations, incentives, and institutional frameworks that can
promote or hinder certain IPM strategies. Examples include pesticide-use directives, agri-



environmental schemes, and subsidy structures that affect the attractiveness and uptake of
ecological measures (Cardim Ferreira Lima et al. 2020; Wyckhuys et al. 2024).

For this deliverable, only biophysical and some agronomic factors are considered, while policy
context and socio-economic layers are deliberately excluded to isolate ecological drivers of
variability in IPM performance. This focus reflects both the scope of Task 3.4 and the data
availability within AGROWISE: by concentrating on ecological parameters, the framework can be
consistently applied across Member States and later complemented with socio-economic insights
from other research efforts.

Context dependency can be understood at two levels:

Practice-level context dependency: the performance of individual measures (e.g., pheromone
traps, cover crops) varies according to specific site parameters such as temperature, soil type, or
pest populations.

System-level context dependency: integrated strategies that combine multiple measures (e.g.,
crop rotation combined with habitat management and biological control) may exhibit emergent
dependencies, resulting from interactions and cumulative effects across several parameters. This
system-level view is essential for agroecological approaches that aim to redesign production
systems rather than optimise single practices.

5.2. Relevance of Context Dependency for IPM and Policy
The EU’s Farm to Fork Strategy aims to cut the use and risk of chemical pesticides by 50% by 2030.
Achieving this requires science-based tools that support fair guidelines across diverse Member
States. The current SUD and the proposed SUR, withdrawn in 2024, highlight IPM as central to
sustainable crop protection but lack a systematic way to address context variability.

Without such a framework, regulations risk being too general—ignoring local conditions—or too
prescriptive, making them hard to implement. A clear method for assessing context dependency
can bridge this gap by ensuring harmonised guidance, feasible and adaptable across Europe’s
varied farming landscapes.

For farmers, context dependency is crucial to adoption and scalability. They often face uncertainty
about when and where a practice will work, yet they carry most of the implementation risk. A
framework that clarifies these conditions can reduce this uncertainty, improve trust in IPM
guidelines, and highlight knowledge gaps where further research or monitoring is needed.

By showing which practices are robust across sites and which are highly site-specific, the
framework supports transparent decisions on binding rules versus optional or flexible measures.
This helps align policy objectives with the realities of on farm decision making.

5.3. Development of the Context Dependency Indicator Framework
The aim of Task 3.4 in AGROWISE was to develop a framework that can systematically capture and
compare how IPM and agroecological practices perform under different regional conditions. By
translating site-specific factors into a structured indicator system, this framework will enable
consistent cross-regional comparisons and support policy and research needs in reducing pesticide
risks under the Farm-to-Fork and Biodiversity strategies.



5.3.1. Existing Frameworks and their Scope

A literature review (Scopus and Web of Science, 2005-2025) identified several frameworks
addressing aspects of context dependency in agriculture and ecology (Table 7). Principle-based
IPM approaches, such as Barzman et al. (2015) or Stenberg (2017), provide overarching guidance
for pest management integration but remain qualitative and lack tools to assess site-specific
context. Agroecological transition frameworks, like Deguine et al. (2021) or Cassart et al. (2025)
adopt a systemic perspective that combines biodiversity and social learning, yet they are not
aligned with the IPM taxonomy (WP2) and lack quantitative scoring. Some indicator-driven
studies, such as Finger et al. (2024) or Ryalls et al. (2024), introduce quantitative elements like
adoption metrics or pest guild responses, but they focus on specific crops or omit socio-economic
and policy dimensions. Conceptual contributions by Han et al. (2024) on multi-pest dynamics and
Stastny et al. 2025) on regional IPM adaptation provide useful insights but are not operational for
broad agricultural use.

5.3.2. Reference Mapping for Context Dependency Parameters
in IPM

None of the frameworks reviewed address the core challenge of explaining why the efficiency of
IPM practices varies between sites. Quantitative scoring approaches are rare, and none link
context assessment to the IPM taxonomy needed for harmonised European approaches. Existing
studies are either principle-based with little operational detail, highly specific to single crops or
pests, or focused on broad agroecological transitions without quantifying performance differences
across locations. This reveals a major knowledge gap: there is no structured way to assess how
local environmental and agronomic conditions determine the success of IPM strategies.

A detailed comparison of nine reviewed frameworks is presented in the Appendix (Table 7). This
table summarises their context dimensions, scaling methods, levels of application and relevance
for AGROWISE, thereby providing the evidence base for developing a new indicator framework.

5.3.3. Overview of the Context Dependency Indicators
The review of the nine previously mentioned frameworks and of additional empirical studies and
literature highlights how site-specific environmental and agronomic conditions shape the
performance of IPM practices. All parameters found were organised into a new framework of six
biophysical indicator groups.

5.3.3.1. Climate & Weather

Frameworks such as Cassart et al. (2025) and Deguine et al. (2021), as well as modelling studies
like Tonnang et al. (2017), consistently highlight the impact of climatic variables — including
temperature, rainfall, seasonal shifts, and extreme events. For example, Cassart’s heuristic
framework explicitly lists climate as a contextual factor shaping agroecological transitions, while
Deguine’s agroecological crop protection paradigm links seasonal variability to the timing and
efficacy of preventive IPM measures. Additional studies (e.g., Simi¢ et al. 2024)) show that
weather—rotation interactions can alter herbicide performance and pest dynamics in maize.
Extreme weather and erosion processes are less frequently quantified but are mentioned as
influencing field stability and pest habitat quality (Cassart et al. 2025; Fernandes und Gontijo 2020)

5.3.3.2. Soil Characteristics & Hydrology

Soil parameters emerge in both Cassart et al. (2025) and Finger et al. (2024) as part of the
environmental context that influences adoption and performance of IPM practices. Soil texture,



structure, pH, and organic matter are identified as drivers of crop resilience and pest—pathogen
complexes. Empirical evidence from Lechenet et al. (2017) and Brévault & Clouvel (2019) links
reduced-input systems and soil fertility management to improved natural regulation, showing that
soil quality modulates pest outbreaks and the effectiveness of biological control. Hydrological
aspects — drainage, waterlogging, soil moisture — are mentioned in both framework and
empirical sources (e.g., Han et al. 2024 on multi-pest dynamics across soil-crop—pest interfaces).

5.3.3.3. Landscape Structure & Topography

Landscape-scale drivers are central in several frameworks, particularly Cassart et al. (2025) and
Deguine et al. (2021), which integrate semi-natural habitats, hedgerows, and field mosaics as
determinants of natural enemy populations and pest dispersal. Holland et al. (2016) and Petit et
al. (2020) provide extensive evidence that non-crop habitats and topographic variation mediate
biological control at landscape scales, though effects can be context-dependent and sometimes
inconsistent. Wyckhuys et al. (2024) emphasise global restoration of functional landscapes for pest
control, reinforcing the importance of multi-scale habitat management.

5.3.3.4. Biodiversity & Ecosystem Functions

Biodiversity — particularly functional biodiversity of natural enemies and pollinators — is a
cornerstone of agroecological IPM frameworks such as Deguine et al. (2021) and Cassart et al.
(2025). Both highlight the role of predators, parasitoids, and decomposers in delivering ecosystem
services crucial for pest suppression. Duru et al. (2015) and Alexandridis et al. (2021) provide
modelling and empirical insights into biodiversity—pest control relationships, stressing context
sensitivity: benefits of biodiversity for pest regulation vary with landscape configuration and
management intensity. Ryalls et al. (2024) further demonstrate pest guild-specific responses in
orchards, showing that biodiversity-driven control can reduce some pests while having neutral or
mixed effects on others.

5.3.3.5. Pest Pressure & Biotic Risk Context

Variability in pest populations and resistance profiles is central in multiple frameworks: Ryalls et
al. (2024) document how IPM outcomes differ across pest feeding guilds, while Alkema et al.
(2019) reveal behavioural context dependence (e.g., push—pull efficacy varying with pest life stage
and environmental cues). Stastny et al. (2025) extends this to regional adaptation of IPM for
invasive pests, emphasizing that pest ecology and local biotic communities must be assessed
before transferring control strategies. Complementary studies like Cardim Ferreira Lima et al.
(2020) and Preti et al. (2020) highlight the role of automated monitoring and pathogen—pest
complexes in understanding local biotic risk.

5.3.3.6. Temporal & Legacy Effects
Historical management and crop rotations are recurrent in Cassart et al. (2025) and Stastny et al.
(2025) as key context dimensions — legacy effects shape current pest communities and system
resilience. Simi¢ et al. (2024) provides empirical evidence: diversified rotations in maize reduce
weed and pest pressures and mitigate herbicide dependence over time. Duru et al. (2015) similarly
note that long-term agroecological management builds soil and habitat conditions that enhance
natural control, creating “system memory” that influences future pest dynamics.

Collectively, these frameworks and studies provide a rich qualitative mapping of context
parameters relevant for IPM but lack a unified quantitative scoring approach. Climate, soil, and
biodiversity factors are consistently represented, while erosion, decomposer communities, and
invasive pest emergence are less systematically covered. This mapping confirms the need for



AGROWISE Task 3.4 to develop an integrated indicator framework: one that links these
parameters, quantifies their influence on IPM performance, and supports cross-regional
comparison and policy harmonisation. A detailed overview of all six indicator groups, their
parameters, and associated literature sources is provided in the supplementary reference table
(see Appendices Table 8).

5.3.4. Interdependencies, Feedback Loops, and Cascading

Effects between Indicators

IPM does not operate through isolated parameters but within a complex network of
interdependent processes. As shown in Figure 1 each of the six indicator groups is connected to
several others, meaning that changes in one parameter rarely remain confined but often cascade
throughout the system. This network was developed within WP3.4 of the AGROWISE project,
drawing on the taxonomy established in WP2.1 (SLU 2024), the evidence from the systematic
literature review (Section 5.3.3) and the context dependency scoring in the three case studies
(Section 5.6). It represents an interpretative framework that integrates the project team’s
synthesis and expert judgement, rather than a direct reproduction of published evidence. While it
is informed by insights from the literature (e.g. Duru et al., 2015; Petit et al., 2020; Wyckhuys et
al., 2024), the relationships shown were identified through the analytical process in WP3.4 and
therefore constitute an original contribution of this deliverable.

Cascading effects are particularly visible for the indicator group Climate & weather. A single
climatic event, such as extreme rainfall, may accelerate erosion processes, thereby reducing soil
fertility and destabilising soil structure. Weakened soils subsequently alter biodiversity
composition, reduce habitat suitability for beneficial organisms, and increase the vulnerability of
crops to pests. This chain of effects ultimately converges on higher pest pressure, which in turn
influences pesticide use and feeds into long-term legacy effects. Thus, a single climatic disturbance
propagates through multiple system components, creating long-lasting impacts on IPM
effectiveness. Across all interactions, pest pressure emerges as the most strongly affected
indicator, acting as the central outcome where multiple pathways converge.

The presence of feedback loops further amplifies these dynamics. Positive feedback, such as
improved soil organic matter enhancing biological control, can initiate virtuous cycles that
reinforce IPM effectiveness. Negative feedback, such as pesticide overuse reducing biodiversity
and thereby increasing pest outbreaks, can trap systems in degrading trajectories. Recognising and
managing these loops is crucial for effective regulation.

Policy implications are clear: regulatory frameworks for IPM must be adaptive and long-term in
perspective. Setting fixed short-term targets risks overlooking delayed benefits or hidden trade-
offs. Instead, policies should account for system-level dynamics, time lags, and cumulative effects.
This means that evaluation frameworks need to capture both immediate outcomes (e.g. reduced
pesticide applications in a single season) and gradual changes in ecosystem properties (e.g. soil
health, biodiversity, resilience). Only by acknowledging interdependencies and cascading effects
can regulation fully support the transition towards sustainable pest management.
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Figure 1: Network of interlinked context indicators shaping IPM effectiveness. Solid bold arrows
indicate strong two-way interactions between indicators, while thinner dashed arrows represent
one-way influences Developed by the AGROWISE consortium (WP3.4) based on literature
synthesis and case study analysis, and should be understood as a heuristic framework rather than
a quantitative model.

5.3.5. Which Parameters Can Be Influenced —and How Fast?
To assess the practical relevance of context parameters for IPM implementation, it is essential to
determine how far each indicator group can be influenced—either through farm-level
management or through policy-level intervention. The answer to this question depends on the
response time of the associated subfactors. Parameters that respond quickly (short- to mid-term)
can often be addressed by farmers themselves, while those with long-term dynamics typically
require policy change or collective action.

The classification of subfactors according to response time (short-term, mid-term, long-term, or
not changeable) provides the basis for this analysis and is summarised in Table 1.

1. Climate & Weather Conditions

These parameters (e.g. temperature, rainfall, extreme events) are slightly changeable on a long-
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term and landscape scale and form the static environmental background of IPM systems. They
cannot be influenced on a human lifetime-scale by farmers and must be accounted for when
adapting practices to local conditions.

2. Landscape Structure & Topography

Certain subfactors such as field configuration or the presence of non-crop habitats (e.g.
hedgerows, buffer strips) can be influenced mid- to long-term, with limited options for individual
farmers. Effective changes typically require policy support or collective actions (e.g. landscape
planning, agri-environmental schemes). Other subfactors, like topography and surroundings, are
hardly changeable.

3. Temporal & Legacy Effects

These include past land use, management legacies, and system memory effects, which are slow-
changing or permanent. While some adjustments (e.g. crop rotation) can be initiated by farmers,
their effects are long-term. Substantial change requires long-term strategies and policy
intervention, as farmers alone cannot alter historical trajectories.

4. Soil Characteristics

Most soil parameters (e.g. physical structure, chemical properties, biological activity) are mid-term
modifiable via farm-level practices such as fertilisation, organic amendments, or tillage
management. Some subfactors like surface erosion require long-term efforts and may need policy
support for effective mitigation (e.g. erosion control programs).

5. Biodiversity & Ecosystem Functions

Natural enemy populations, pollinators, and decomposers can be enhanced mid-term through on-
farm habitat measures (e.g. flower strips, reduced pesticide use). In contrast, functional diversity
and ecosystem interactions develop over the long term, requiring landscape-level coordination
and supportive policies to be effective.

6. Pest Pressure & Biotic Risk Context

Certain subfactors (e.g. spatial variability of pests, seasonal pest dynamics) are short-term
responsive and can be managed by farmers through monitoring, thresholds, and biological control.
More complex subfactors (e.g. res