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Abstract

Non-technical Summary. In decision-making, especially for sustainability, choosing the right
assessment tools is crucial but challenging due to the abundance of options. A new method is
introduced to streamline this process, aiding policymakers and managers. This method
involves four phases: scoping, cataloging, selection, and validation, combining data analysis
with stakeholder engagement. Using the food system as an example, the approach demon-
strates how practitioners can select tools effectively based on input variables and desired out-
comes to address sustainability risks. This method can be applied across various sectors,
offering a systematic way to enhance decision-making and manage sustainability effectively.
Technical Summary. Decision making frequently entails the selection and application of
assessment tools. For sustainability decisions there are a plethora of tools available for envir-
onmental assessment, yet no established and clear approach to determine which tools are
appropriate and resource efficient for application. Here we present an extensive inventory
of tools and a novel taxonomic method which enables efficient, effective tool selection to
improve decision making for policymakers and managers. The tool selection methodology fol-
lows four main phases based on the divergence-convergence logic; a scoping phase, cataloging
phase, selection phase and validation phase. This approach combines elements of data-driven
analysis with participatory techniques for stakeholder engagement to achieve buy-in and to
ensure efficient management of progress and agile course correction when needed. It builds
on the current limited range and scope of approaches to tool selection, and is flexible and
Artificial Intelligence-ready in order to facilitate more rapid integration and uptake. Using
the food system as a case study, we demonstrate how practitioners can use available input vari-
ables and desired output metrics to select the most appropriate tools to manage sustainability
risks, with the approach having wide applicability to other sectors.
Social Media Summary. New method simplifies tool selection for sustainable decisions, aid-
ing policymakers & managers. #Sustainability #DecisionMaking

1. Introduction

The global community faces a multitude of difficult decisions across all sectors of society.
These decisions involve balancing different factors, for example how to provide more nutrient
dense food to tackle the growing double-burden of obesity and micronutrient deficiency with
the need to protect and restore our environmental capital (WEF, 2021), or how to make effect-
ive use of the outstanding benefits offered by artificial intelligence (AI) whilst avoiding a col-
lapse of our political, financial and healthcare systems (Kelly et al., 2019; Willcocks, 2020).
Difficult decisions, such as these, need to be based on evidence in order to be robust and
effective. However, making these decisions from scratch is time consuming and complicated.
Hence in several fields, assessment tools, which are methodologies developed to evaluate com-
plex situations, and used to identify, quantify, and assess the potential benefits, consequences
or risks associated with specific policies, practices, actions, or systems, and to accelerate and
ease intervention plans, are used to aid the decision-making process. In the environmental
and sustainability fields, numerous assessment tools have been developed to answer questions
posed about specific situations, including for example Life Cycle Assessment (LCA)
(Chaplin-Kramer et al., 2017), which is used extensively across sectors to evaluate the envir-
onmental impact of projects, plans, and products, and Multi-Criteria Assessments
(Chaudhary et al., 2017), that enable analysis of a diverse range of socioeconomic and envir-
onmental factors by government, statutory bodies, industry, and NGOs.
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Yet simply having access to tools does not overcome the initial
problem in decision making – specifically which tool to use. As
the number of tools increases, often with overlapping functional-
ity, many incorporating sophisticated modeling and simulation
capabilities, and increasingly with AI functionality (Konya &
Nematzadeh, 2024), selecting the best tool for the job becomes
ever more challenging. Environmental managers and policy-
makers, in particular, do not have the time or necessarily the
expertise to explore the intricacies of many tools. Without a
clear process for identifying tools there is open scope for inappro-
priate tool usage, effort duplication, wasted resources, and bad
decisions. The importance and effectiveness of good decision
making is well accepted in areas such as medicine with EBM
(Evidence-Based Medicine) (Sackett et al., 1996) or business
with EBMgt (Evidence-Based Management) (Rousseau, 2012).
However, while evidence- and tool-based decision making as a
concept is widely used in the sustainability field there is not yet
an established approach for the rapid identification of the most
effective and efficient tools to use in specific scenarios, despite
the fact that climatic and environmental change has been identi-
fied as the most severe risks to our global society in terms of like-
lihood and impact (WEF, 2021). This leaves the practitioner
facing a potentially subjective and uninformed choice on which
tool, from the plethora available to them, best suits their need.
In this perspective we develop a novel taxonomic framework for
facilitating tool selection and effective decision making for policy
and management in the sustainability arena. We demonstrate the
utility of our framework by using food production as a case study
although our approach can be applied widely.

2. Current status of research in sustainability tools and the
need for a new approach

2.1 Status of research in sustainability tools

Research to date in sustainability tools covers four key spheres:
reviews of tools and their application to case studies; comparative
studies of specific tools; integration of tools into computational
models; and frameworks on how to integrate different tools.
There are also a diverse range of factors that can influence the
way tools are currently selected.

A diverse scientific and institutional literature exists that reviews
tools and their application to case studies. In sustainability, these
tools are used to evaluate the environmental consequences of pro-
ducts, services, projects, policies and other anthropogenic activities.
They tell us whether our actions, in effect, have consequences for
the environment. They encompass established systematic examina-
tions, such as LCA or ecological footprint analysis (Loiseau et al.,
2012), and also emerging approaches like socio-environmental
assessments (Szewrański & Kazak, 2020) and ecosystem services
valuation (Costanza, 2020). This literature offers critical insights
into each methodology, their applicability across different contexts,
and their effectiveness for assessing environmental impacts
(Supplementary Information 1).

Some studies compare specific tools and their strengths and
weaknesses (Allesch & Brunner, 2014; Andersson et al., 2016;
EuropeanCommission, 2010; Finnveden & Moberg, 2005;
Hauschild & Olsen, 2018; Lehtinen et al., 2011; Windsor et al.,
2018). These studies critically evaluate the risks and uncertainties
associated with specific tools, and some advise on the most appro-
priate contexts to apply them. For example, Grout et al. (Grout
et al., 2018) compared eight different tools for assessing the

environmental impacts of agricultural systems. They selected
Health Impact Assessment (HIA) for New Zealand’s dairy sector
as it was the only tool that covered environmental, health, social,
and economic aspects, and that was designed to assess the impacts
of a proposed policy. The problem with this approach is that it
makes use of the selected tool relatively inflexible – in this case
HIA is not appropriate for analyzing alternative scenarios –
meaning new tools have to be selected.

Efforts have also been made to integrate sustainability tools
together in various ways. These include conducting post-hoc ana-
lyses of results from different tools, combining results and modi-
fying the underlying methodology, or incorporating additional
indicators to enhance an analysis. Computational predictive
tools and models are becoming increasingly important in tool
integration. For example, the MIT Integrated Global System
Modelling (IGSM) Framework (Reilly et al., 2013), the
Integrated Model to Assess the Global Environment (IMAGE)
(Teillard et al., 2016), GCAM v5.1 Model (Calvin et al., 2019),
E3ME-FTT-GENIE (Mercure et al., 2018), and SEAMLESS (van
Ittersum et al., 2008). Each is designed to explore potential devel-
opment pathways and provide a set of scenarios showing the
time-dependent evolution of environmental, human and ecosys-
tem health indicators, and other socio-economic parameters.
These models can however suffer from imbalances between the
dimensions they consider, and may not always scale well. For
example there is still uncertainty as to whether SEAMLESS can
effectively be upscaled beyond its test case and whether it can
cope with the environmental externalities of farming systems
assessed with large bio-economic farm models (Grout et al.,
2018; van Ittersum et al., 2008).

Frameworks have been developed to integrate different tools,
with prominent examples including the Life Cycle Sustainability
Assessment (LCSA) (UNEP/SETAC, 2011) and Environmental
Impact Assessment (EIA) (de Ridder et al., 2007;
EuropeanCommission, 2014, September, 4). For LCSA, while
there are case studies of application, the framework is not widely
used as it still requires further scientific work on method integra-
tion and on harmonization of procedures in presenting and inter-
preting the results. EIA was implemented by the European
Commission with a corresponding Directive 2011/92/EU.

The selection of appropriate tools can be influenced by a range
of factors, including the topic or issue to be investigated, the scope
and complexity of the project or activity under consideration, the
relevant environmental indicators to be considered, legal and
regulatory requirements, the need or otherwise to consider stake-
holder and public involvement, availability and quality of data,
technical expertise required, and the cost of the tools and special-
ist databases (Hemming et al., 2022; Wong-Parodi et al., 2020).
For example, in industry, the use of Environmental, Social,
Governance (ESG) assessment tools is gaining traction, primarily
driven by regulatory reporting requirements in the financial sector
(Baratta et al., 2023); in food production applications, LCA is
widely deployed for product and supply-chain assessment
where process input and output data are readily available; and
at the global level tools such as the IPCC models are more appro-
priate for assessing and intervening on climate, biodiversity and
disease spread issues (Rocklöv et al., 2023).

Managers may select tools in a variety of ways; they may re-use
a tool they are already familiar with, they may ask colleagues for
advice or they may make use of some of the reviews or compara-
tive studies described above. Their approach to tool selection will
depend on their experience level, available time, and financial
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resources but, with so many tools available, this can be a daunting
task. Problematically, there are many pitfalls to tool selection –
ranging from negligence in not investing the required time or
resources to research appropriate tools, to more nuanced and
complex factors. These include overlooking context-specific fac-
tors or ignoring the dynamic nature of environmental systems,
such as failing to adequately consider biodiversity dependencies
in industrial and agricultural practices (van der Werf et al.,
2020), or failing to consider social dimensions in assessments
(Pollok et al., 2021). Certain well-established tools, such as LCA
and ecological footprinting (Mancini et al., 2016), may become
the default choice for a sector, even when more suitable tools
may exist. For example, LCA, while excellent for assessing impact
of a production system on the environment, is typically unsuited
for the reverse, in considering impacts of the environment on
the production system (Hauschild & Olsen, 2018). As our
understanding of the interconnectedness of complex systems
grows, the deficiencies of these tools become more apparent.
Furthermore, in many instances there is a preference for quanti-
tative data, but this may overlook important qualitative
socio-economic nuances, stakeholder preferences, and other less
tangible considerations. Perhaps the biggest pitfall in tool selec-
tion relates to lack of knowledge and lack of capability in a
given organization. Organizations may only be aware of the
tools that are either prescribed by regulators or are a standard
in their industry – there is no robust classification of the tools
or a comprehensive overview of what types of issues they can
assess – the gap that we address with our research program.

2.2 The need for a new approach to tool selection

Various frameworks and guidelines do exist to assist practitioners
in selecting suitable tools in some contexts. These include the ISO
14001 standard for environmental management systems, which
offers a broad framework that, while not specifying particular
tools, focuses on incorporating environmental considerations
into organizational decision-making. Sustainability Assessment
Frameworks like the Comprehensive Assessment System for
Built Environment Efficiency (CASBEE) (bin Hishammuddin
et al., 2019), provide a suite of tools for assessing sustainability
and making informed decisions based on specific criteria. LCA,
although a tool itself, is also a framework offering a structured
approach for assessing environmental impacts throughout a pro-
duct’s lifecycle that can incorporate other tools to provide a more
holistic perspective. Guidelines from environmental agencies and
international organizations, such as the United Nations
Environment Programme (UNEP) and the European
Environment Agency (EEA), provide additional resources and
recommendations for tool selection tailored to specific needs.

However, despite these frameworks and guidelines, and the
diverse research on tools, their strengths, weaknesses, and integra-
tions, there is not yet an effective tool selection process or data-
base with global applicability across a wide range of sectors. A
large number of studies use sustainability tools (see
Supplementary Material 1), but they lack comprehensive explan-
ation regarding the rationale behind tool selection, weakening
confidence that these are the most appropriate tools to address
the requirements of the intended decision making process
(Viola & Marinelli, 2016). Where studies do provide rationale
on selection, it is typically limited to the specificities of that
study, and so lacks the flexibility to adapt to different input or
output data, which could lead to decision making errors if

implemented elsewhere. Furthermore, current studies frequently
do not include an approach to effectively manage practitioner
engagement during the development and subsequent roll-out of
the tool, which is imperative for tools designed for use by practi-
tioners (Ness et al., 2007). A robust rationale, flexible application,
and method for stakeholder engagement are critical requirements
for a tool selection process to have broad applicability in making
difficult decisions (Alrøe et al., 2016; Cucurachi et al., 2019; Onat
et al., 2017).

The consequences of using inadequate environmental assess-
ment can be severe, ranging from environmental degradation
and loss of biodiversity to social unrest and economic losses,
underscoring the need for thorough, context-sensitive environ-
mental assessments (Morgan, 2012). Where large infrastructure
projects, like dams, roads, or mining operations, have been
planned in ecologically sensitive areas, the use of EIAs is com-
monplace, but they may fail to fully account for biodiversity
loss, habitat fragmentation, increased poaching or illegal logging,
among other problems. For example, the controversial develop-
ment of the Belo Monte dam in Brazil, where the construction
and 60% river flow reduction caused by the dam operations
destroyed the livelihoods of 20,000 people – and a more robust
quantification of potential negative impacts following a corres-
pondingly robust tool selection process may have helped to
sway political stakeholders to implement further mitigation mea-
sures (Kraljevic et al., 2013). Similarly, agricultural development
projects that rely on simplified environmental assessments may
overlook the cumulative impacts on watersheds and water
resources, leading to unsustainable water use, degradation of
water quality, and conflicts among water users. This was seen in
the Aral Sea disaster, where implementation of irrigation schemes
using tools that did not adequately consider the downstream
effects on water availability for other users or ecosystems
(Micklin, 2007).

Given the current lack of an effective tool selection process we
aimed to develop a solution. Since it is at the heart of human
needs and draws from nature, we used the global food production
system as a sustainability case study, working with the UK Centre
for Environment, Fisheries and Aquaculture Science (Cefas).
Cefas are working with governments, academia, and NGOs to
maximize the social, economic and environmental sustainability
of food production, collectively under the banner of One Health.

Cefas are spearheading their efforts via their ‘One Food’ pro-
ject (Cefas, 2024, April 17). This aims to develop a ground-
breaking system that places hazard profiling and management
at the heart of environmentally, economically, and socially sus-
tainable food system design. The project will develop a
systems-based approach to comprehensively map terrestrial and
aquatic food sectors and scenarios and their potential to interrupt
safe and sustainable supply chains. A comprehensive mitigation
plan will be developed by analysis of supply chain options for haz-
ard control. The project aims to visualize and realize the benefits
of this approach via calculation of the impact on key indicators
associated with the Global Burden of Animal Disease (GBAD),
Global Burden of Crop Loss (GBCL) (Rushton et al., 2018), bio-
diversity, and climate efficiency.

A core component of the One Food project is the development
of the Risk Tool (Cefas, 2023, September 7). The tool aims to gen-
erate an understanding of the multiplicity of hazards across food
sectors, allowing users to identify priorities for mitigation, explore
trade-offs between different hazards and food sectors, and under-
stand the possible outcomes of mitigation interventions. The tool
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requires the selection of a robust environmental impact assess-
ment method to provide it with information on the environmen-
tal implications of food production. The environmental
challenges associated with food systems will vary according to
country-specific geographical and socio-economic circumstances,
meaning wide variations between applications. Consequently, the
selected method needs to be adaptable to a multitude of circum-
stances and sectors. It, much like broader initiatives, thus requires
an effective and widely applicable tool selection methodology.

3. A methodology for fast tracking tool selection

Here we provide a novel methodology for flexible and efficient
identification and transparent selection of tools to support sector-
level analysis and decision making by policymakers and man-
agers, ensuring a holistic approach to assessment. The intention
is to encourage thought and promote a default practice in
which organizations proactively review and make a measured
decision on what tool they intend to use before initiating an
action. This can apply to interventions including addressing
anthropogenic impacts on the environment, biodiversity, resource
availability, and threats and risks to food production systems.

Our methodology improves on previous frameworks by enab-
ling fast track high-quality decision making in food production
systems, and meeting current needs for a system with robust
rationale, flexible application, and a method for stakeholder
engagement. We illustrate the approach with the case study of
the One Food project.

The methodology (Figure 1) consists of four main phases
based on the divergence-convergence logic (Kerr et al., 2013).
Firstly, identifying the focus area, objectives, and frame of refer-
ence for the industry or regulatory body. Secondly, cataloging
the tools used in industry, policy, and academia. Thirdly, selecting
a suite of tools, and finally, validation. This approach combines
elements of data-driven analysis with participatory techniques
for stakeholder engagement to achieve buy-in and to ensure effi-
cient management of progress and agile course correction when
needed. In our case study we established an interdisciplinary
team of researchers and users with experience in industry and
policy advice.

3.1 Scoping

The first step of the methodology is to establish specific objectives
and a shared understanding of what is in and out of scope and
thus narrow down potential tools. This ‘scoping’ phase is critically
important and is the first point of failure in a tool selection pro-
cess. If the practitioner fails to conceive the system boundaries
correctly and the relevant inputs, outputs, risks and hazards,
the tool selection may miss key dimensions – leading to failures,
as described in 2.2 (Kraljevic et al., 2013; Micklin, 2007). Further
scope refinement takes place by capturing key stakeholder
requirements, corresponding to different decision scenarios,
which are amalgamated into a single set of requirements. In the
case of the One Food project, this included specific environmental
issues and risk categories, and national priorities for reduction of
food waste/loss based on the economic benefits and consequences
to the environment and identifying least harmful food production
methods as targets for new policies. Typically, this scoping pro-
cess is iterative between the research and stakeholder team mem-
bers, leading to a detailed outline of the overall study program.

3.2 Creating a catalog of tools

A landscape of potential tools is then created through a rapid, but
comprehensive, literature scan conducted in a systematic and
transparent way. This can include using academic search engines,
such as Google Scholar and Web of Science, via appropriate
search terms. Many tools have also been developed outside of aca-
demia in multilateral organizations and are deployed more often
by industry and policymakers. Thus, institutional and industrial
reports and databases can complement the scientific literature
(i.e. the gray literature) – examples from our case study include
the FAO, MSC (Marine Stewardship Council), Seafish and
Mowi (Supplementary Data 1). The broad scope of the One
Food project resulted in an extremely large number of hits, and
therefore to decide on our search terms, we used pilot searches
to give us a broad range of articles from which to launch our lit-
erature review. In addition to desk-based literature review, we
conducted qualitative research through discussion with our
panel of experts to gain additional data outside of the main
searches. For the literature review, we applied the principle of
diminishing returns, which provided confidence that we identified
the majority of reported tools from different sets of literature, and
documented the progress with a discovery curve analogous to spe-
cies recovery curves used for assessing survey completeness
(Colwell & Coddington, 1994). The output of this activity under-
taken as part of this study is provided as supplementary data to
this article (Supplementary Data 1), and serves as a comprehen-
sive database for future tool selection activities, subject to periodic
review and update.

Next, the identified tools are grouped into categories and orga-
nized in a structured way; a ‘taxonomy’. The literature presents
various categorizations of environmental and broader sustainabil-
ity assessment methods, for example, based on indicators or indi-
ces suites for specific sectors, product-related groupings,
procedural vs analytical approaches, or whether it is a framework
with integrated tools (de Ridder et al., 2007; Finnveden & Moberg,
2005; Loiseau et al., 2012). By combining these approaches, we
used the underlying characteristics and applications of the tools
and clustered them into groups for the taxonomy. The taxonomy
is a tool itself that enables the industrial sector to identify the
input metrics it has available (Figure 2), and from this identify
the tools that could be integrated to build a more complete ana-
lysis approach with greater relevance to the sector (Figure 3). In
policymaking by government or regulatory bodies, the taxonomy
could provide a method for more efficient use of economic
resources and to improve policy complementarity. By using the
taxonomy to identify desired output metrics (Figure 2), this can
allow the practitioner to select the most efficient possible range
of tools that can deliver these outputs, helping minimize invest-
ments of time and economic resources.

The taxonomy consists of four layers, or ‘tiers’. Tier 1 subdi-
vides the tools into ‘scope models’, focused on an assessment
over a specific spatial, economic, or population scale, and ‘flow
models’, evaluating input and output flows within pre-defined
system boundaries, where any spatial, population, or economic
focus is secondary. Tier 2 encompasses six subcategories. Spatial
models focus on assessing a system in space; they estimate the
impact of activities and interventions within the defined spatial
boundaries and provide a zonation structure for management.
Economic models focus on assessing the yield or weighing up
the costs and benefits of a certain production system or approach.
Population models focus on a given population of a species and
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are used to evaluate risks from a set of activities in order to inform
population management. Hazard assessments focus on hazards,
which are sources or situations with potential to cause harm to
the environment, ecosystems and humans; these tools look at

individual or multiple hazards associated with a defined produc-
tion system or activity. Environmental systems approaches are
categorized as ‘a system that is based on the natural environment
and includes biotic and abiotic components which interact’ (Park

Figure 1. Methodology for fast-tracking tool selection. The
numbers on the left hand side refer to the steps outlined
in section 3 of the manuscript.
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& Allaby, 2013); they incorporate life cycle analyses, which
typically quantify the environmental impact of a system/product-
/service using either a single or multiple indicators, and frame-
works integrating additional perspectives, such as economic,
and social. Finally, the category of Multi-criteria assessments
aims to integrate an interdisciplinary suite of indicators that
describe specific aspects of environmental assessment, which are
then assessed across a set of criteria to support a specific decision-
making process. Further sub-division at Tier 3 groups tools by
single/multi-hazard or single/multi-indicator.

A clear definition of the Tier 1 and 2 categories in the tax-
onomy is fundamental, as these drive the number and type of
tools that end up in the final selection by the stakeholder.
During the definition process of the taxonomy architecture for
the One Food project example, we maintained a focus on a sector-
independent character when selecting and defining the levels, as
the taxonomy needs to be applicable to a wide range of topics
and challenges relevant to the project stakeholders. As the search
for the tool landscape was not specifically focused on the food

system, we expect the taxonomy to be universally applicable to
any type of sector. If the categories are too broad there is a risk
that insufficient tools are selected to assess all relevant areas of
impact, if categories are too granular this can result in too
many overlapping tools, and if a category is missing then an entire
tool type or area of impact could be excluded from the final selec-
tion. Figure 2 illustrates the taxonomy developed for the One
Food project, its substructure based on the tiers and at the lowest
level of detail it summarizes the different inputs required by the
tools in each category and the main types of the output informa-
tion and data resulting from the assessments with these tools.
Figure 3 shows the taxonomy with its architecture and the differ-
ent examples of tools within each category; the full list of tools is
included in Supplementary Data 1.

3.3 Tool selection

A structured selection process is then used to select a suite of tools
for the end user. Any ‘no-go’ or ‘must-have’ stakeholder

Figure 2. Taxonomy of tools – Inputs and Outputs. The figure shows the taxonomy of tools containing key inputs and outputs at the fourth tier. This would be used
by the practitioner to select relevant tool types based upon available input variables and desired output metrics.

6 David F. Willer et al.

https://doi.org/10.1017/sus.2024.21 Published online by Cambridge University Press

https://doi.org/10.1017/sus.2024.21


requirements (in our example applicability to food production or
a sufficient maturity level for practitioner deployment) can be
used for an initial pre-selection and followed by a more detailed
evaluation. Assessing the tools is a substantial part of the pro-
cess and comparing the various tools within each category to
make the final selection involves many trade-offs as all have dif-
ferent strengths and constraints. This could be a very difficult
part of the process for users because it requires a reasonably
good knowledge of the tools, so a guiding mechanism is needed

to support the decisions. These trade-offs will always be project
and context specific, but the creation of a set of appraisal cri-
teria provides the mechanism for structuring and prioritizing
tools to reach a solution. A facilitated workshop that brings
all team members together is an efficient technique for develop-
ing appraisal criteria. Through workshop discussions with the
stakeholders, we identified ten criteria and reflected their
importance to the One Food Risk Platform using weightings
as shown in Table 1.

Figure 3. Taxonomy of tools – One Food Tool Examples. The figure shows the taxonomy of tools in which the fourth tier contains the specific tools applicable to the
One Food case study. In the One Food case study, the practitioner would use this to identify specific tools having selected the appropriate tool types using Figure 2.
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3.4 Validation

The final step in the methodology is validation. This requires
close collaboration between both researchers and stakeholders to
stress-test the performance of the tools, to assess if there are
gaps in what and how results are presented and whether they
are applicable to the stakeholder’s aims. In our case study, the
selected tools were validated by (1) assessing the ecosystems
types (marine, freshwater, and terrestrial) covered; and (2) cover-
age of various indicator categories, for example ecosystem func-
tions and services, environmental impact categories, spatial and
temporal metrics, and biosecurity. We identified 188 tools,
which were reduced to 53 tools through taxonomy and screening
based on the criteria in Table 1 (Supplementary Data 1), and fur-
ther screening allowed us to identify five tools most applicable for
the specific intended food systems evaluation by the One Food
Risk Platform. These were Life Cycle Analysis (LCA) with
ReCiPe 2016 and BioScope, Life Cycle Sustainability Assessment
(LCSA), Ecosystem Approach to Fisheries Implementation
Monitoring Tools (EAF-IMT), Rapid Agricultural Supply Chain
Risk Assessment (RapAgRisk), and Soil and Water Assessment
Tool (SWAT). Underlying information can be found in the com-
prehensive database in Supplementary Data 1. The selection
above should be treated as an example only, and any given use
case will have its own requirements for the best applicable tools.
We emphasize that the ‘gap testing’ component of validation is
critically important and should be iterated several times during
the validation step. There may be instances where a small suite
of relatively generalist tools cover the vast majority of categories
effectively, but that leave open a small and specific but important
impact category, which should be covered by an appropriate ‘add
on’ tool.

4. Applying the new methodology to drive impact

By providing a taxonomy we aim to open the door to a wave of
new sustainability methodology to drive impact. There are specific

ways in which the taxonomy, as illustrated by Figures 2 and 3,
should be applied for effective tool selection. As we highlighted
earlier, a practitioner would consult the taxonomy (e.g.
Figure 2) with a specific set of desired output metrics (e.g. impact
metric, efficiency metric), or a specific set of input variables avail-
able to them (e.g. energy flows, material flows, system boundar-
ies), or a combination of the two, and would identify these on
the smallest branches of the tree. They would then work back
up the branches of the tree to identify which category of tool
would be most appropriate for use (e.g. environmental systems
approaches, multi-indicator assessments). The practitioner
would then refer back to the taxonomy (e.g. Figure 3) to work
down from the tool category they have identified (e.g. multi-
indicator assessments, impact) to select candidate tools from the
list in the smallest branch (e.g. SimaPro, ReCiPe), and assess
which would be most appropriate for their application, data avail-
ability, and desired outputs.

In the case of the One Food project, the taxonomy of tools as a
working model is now being used to support new efforts that will
drive impact in decision-making on food systems interventions.
The tools identified as most applicable for food systems environ-
mental evaluation are being integrated into the evidence base for
the One Food Risk Tool so that the interventions the tool explores
can be assessed using defensible methodologies. The final One
Food Risk Tool, which remains under development, will comprise
an integrated scoring system and visual representation of the haz-
ard impacts for the whole food system and its component parts,
and a risk mitigation matrix to quantify the benefits of hazard
intervention. Making our taxonomy of tools selection approach
publicly available is a key component of the One Food Risk
Tool pathway. By ensuring our flexible and working model is
accessible we allow for academic and stakeholder discussion, con-
structive criticism and manipulation of the approach before and
as it is applied to diverse scenarios, facilitating optimal tailoring
and refinement. It also ensures the tool is tailored with as generic
a form as possible, reducing the cost and time required to a wider
range of sectors. Crucially, it also allows exposure to other fields

Table 1. Criteria and their weighting as defined for the One Food project example

Appraisal criteria Weighting

1. Degree of stakeholder acceptance and suitability for business and policy contexts: Method maturity, proven real-world usage,
scale and trends of deployment, influential/global actors using method

Very important

2. Scientific rigor, robustness, and certainty: Are the outputs objective, reliable, consistent, are of high validity, and also provide a
measure of uncertainty? Are the allocation methods (e.g. in impact assessments) robust, proven, and up-to-date?

Very important

3. Applicability and flexibility: Can the method be applied generically to all different food sectors or more than one simultaneously,
and differing regions and contexts?

Very important

4. Input data readily available and accessible freely: Input data availability and accessibility, flexibility to cope with data of different
levels of quality, completeness, and complexity, and quality/variability of data sources

Very important

5. Method outputs easily interpretable and understandable by a broad audience of decision-makers Very important

6. Application of the method without substantial investments of time and resources: Independence from resources required for
application – fieldwork, equipment, etc.

Very important

7. Availability and accessibility of the method itself: Open-source / restriction-free use of method vs. subscription/private models. Moderately important

8. Method can be used to assess trade-offs or different scenarios Moderately important

9. Documentation, transparency, and reproducibility: Documented guidelines for use, ISO standards, regulatory directives,
legislation.

Moderately important

10. Method integrates with or complements other methods Less important

Note that for application to other projects the level of weighting applied to each criteria may differ.
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of scientific expertise, in particular AI, where the rapid rate of
technological progress could facilitate rapid integration of the tax-
onomy of tools model into existing systems, and aid in filling out
existing gaps such as the lack of needed and appropriate primary
data in certain areas of application.

AI is set to play a powerful role in accelerating the develop-
ment and integration of the taxonomy of tools approach, and in
making the pre-assessment process we outline more time and
cost effective. Off-the-shelf AI tools are already becoming increas-
ingly competent at summarizing and extracting information from
the scientific literature (de la Torre-López et al., 2023; Richards
et al., 2024; Scheepens et al., 2024) and with effective prompt
engineering (i.e. crafting queries for tools such as ChatGPT
Clavié et al., 2023) they could help to come up quickly with an
initial list of tools that could be supplemented by expert input –
reducing the time spent searching for tools (i.e. reaching a higher
point on a discovery curve more quickly). Furthermore, machine
learning clustering techniques could help to speed up the process
of developing an initial taxonomy that could be refined and
expanded again with expert input. Assessment of different tools
against criteria currently requires quality reasoning skills and
more explainable AI that is currently lacking (although may
develop in the near future Rawal et al., 2022), which means expert
input will still be required to critically appraise each tool.
However, using AI for the previous steps of summarization and
classification may still help accelerate this appraisal process. Few
examples of AI-assisted tool selection currently exist, but those
that do typically focus on situations where a objective function
can be defined to optimize for different quantitative values such
as in selecting cutting tools in engineering (Saranya et al.,
2018), whereas risk-based tool selection, as this paper presents,
often requires more qualitative, nuanced criteria and deliberation,
although ordinal categories could be used, for example, low,
medium, high, to provide an initial assessment. Nevertheless,
machine learning and AI in general, particularly through using
decision trees, could be highly useful for not only clustering
tools based on summarizing their attributes, but also generating
interactive guides to help users select tools based on their individ-
ual preferences and selection criteria. Currently, there is a trend
towards making clustering and thus taxonomy building more
interpretable for this purpose (Bertsimas et al., 2021).

With further information integration using approaches includ-
ing AI, the taxonomy of tools has potential wide and high impact
for industry and policymaking beyond the One Food project,
being applicable to a wide variety of other non-food sectors,
and also to specific sub-sectors of the food system with their
own unique needs. For example, the mining and extraction sector,
which like food production has a close connection to the environ-
ment, currently tends to use EIA (Environmental Impact
Assessment) and often places most emphasis on LCA to monitor
its environmental and carbon footprints, like many industrial sec-
tors (Sida, 1998). However, as we have argued, this approach may
miss the many other potential risks to, and impacts caused by, the
sector, if the correct type of LCA or combination of LCA with
other tools is not selected. For example deforestation and habitat
destruction, soil erosion, biodiversity loss and human-wildlife
conflict, impacts on watersheds, and the potential hazards for
the sector associated with climate change such as flooding and
inundation, destabilizing of ground or strata failure, which should
be included alongside or within LCA (Wang et al., 2021). Our
approach has clear benefits for policymaking because the tax-
onomy provides a robust and defensible tool selection process.

By using the taxonomy to identify desired output metrics, this
can allow the practitioner to select the most efficient possible
range of tools that can deliver these outputs, helping minimize
investments of time and economic resources. A similar approach
could be used to identify relevant tools for analysis of the broad
range of social and economic or public health impacts. The tax-
onomy selection approach also has the capability to be applied
to more specific but still highly diverse sub-sectors of the food
industry, such as the aquaculture sector. The aquaculture sector
is already one of the most progressive food sectors and utilizes
a wide range of sustainability key performance indicators
(KPIs), ranging from Feed Conversion Ratios to animal escape
incident percentages to benthic impact metrics (MOWI, 2023).
However, the relative importance of KPIs can easily become lost
amongst such complexity, which can lead to an overzealous
focus on some metrics at the expense of others, for example on
carbon footprint, when other factors such as harmful algal blooms
and antibiotic resistance may pose a far greater risk (Quiñones
et al., 2019). Here a formal weighting process as present in
parts 3.2 and 3.3 of our approach can help provide clarity, and
identify which specific impact metrics play the most important
role in a given risk scenario.

5. Conclusion

At present, there is not a ‘one size fits all’ tool for environmental
hazards and impact assessment but a plethora of tools, and no
one tool can do the entire job. This means that policy decision-
makers and industry face the challenge of selecting from a
range of different tool options and being able to adequately justify
their choice in decision making. The approach we developed for
fast tracking tool selection provides an effective, transparent,
and repeatable methodology that improves decision making. It
is agnostic and can be used for any analysis that requires selection
and deployment of multiple tools. Customizing the tiers in the
taxonomy can enable universal applicability across sectors. We
applied this approach and developed a taxonomy of tools in the
context of food production systems. This allowed visualization
of how tools relate to each other, and in the case of the One
Food project is allowing the development of the One Food Risk
Platform to provide effective simplification to decision making.

The taxonomy approach builds on and provides a valuable
addition to the currently limited range and scope of approaches
discussed in the literature for tool selection. Unlike approaches
we discussed earlier, such as ISO 14001, the taxonomy of tools
specifies particular tools, facilitating more specific decision mak-
ing by practitioners. The taxonomy of tools is also less restrictive
in its range of available tools than approaches such as CASBEE
which are very much focused on the built environment (bin
Hishammuddin et al., 2019), or LCA which is in essence just
one tool. Crucially, the taxonomy of tools is also one of the
first approaches specifically designed with AI in mind, with the
vision that AI systems can allow key data gaps regarding inputs
and primary data to be plugged more quickly, facilitating more
rapid model optimization and application over time.

There are still hurdles to overcome and extensive space for
development and optimization. There is a need for improved
approaches to integrate different tools. Our analyses for the One
Food project indicate this will be difficult, but that comprehensive
analysis can still be achieved, by using detailed maps of inputs and
outputs for each tool to identify information overlaps, and what
flows can be assessed in parallel or as synergies and which
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flows can be inputs to another method. There is also a need to
streamline data collection, accessibility, and quality to avoid mag-
nification of errors during modeling, avoid double counting, and
ensure optimal compatibility of tools. We also encourage the
establishment of a robust method appraisal framework across sec-
tors, as was done in the One Food project, to validate tool selec-
tion approaches and ensure they are highly relevant.

In summary, the novel taxonomic approach developed here
provides an easy-to-use way for practitioners to identify available
input data variables and desired output metrics in order to select
the most appropriate tools to manage a given sustainability risk.
The approach is flexible, adaptable, and has global applicability
across sectors needing to make difficult decisions in an efficient
and effective manner.

Supplementary material. The supplementary material for this article can
be found at https://doi.org/10.1017/sus.2024.21.

Acknowledgements. We thank the Centre for Environment, Fisheries, and
Aquaculture Science (Cefas) for their involvement in this project.

Author contributions. D.F.W., A.P.C., S.P., J.B., W.J.S., S.W.S., D.K., D.C.A.
all participated in study design and data analysis. D.F.W. and D.K. drafted the
manuscript. All authors reviewed and approved the manuscript before
submission.

Funding statement. This work was funded by the Centre for Environment,
Fisheries, and Aquaculture Science (Cefas), an agency within the UK
Department for Environment, Food and Rural Affairs (Defra) under the
OneFood program. D.F.W. was funded by a Henslow Fellowship at Murray
Edwards College, University of Cambridge. A.P.C. was funded by a Henslow
Fellowship at Downing College, University of Cambridge. D.C.A. was sup-
ported by a Dawson Fellowship at St Catharine’s College, University of
Cambridge.

Competing interests. None.

Research transparency and reproducibility. All data are available in the
manuscript or supplementary materials.

References

Allesch, A., & Brunner, P. H. (2014). Assessment methods for solid waste
management: A literature review. Waste Management & Research, 32(6),
461–473. https://doi.org/10.1177/0734242x14535653

Alrøe, H. F., Moller, H., Læssøe, J., & Noe, E. (2016). Opportunities and chal-
lenges for multicriteria assessment of food system sustainability. Ecology
and Society, 21(1), 38. http://www.jstor.org/stable/26270315

Andersson, K., Brynolf, S., Landquist, H., & Svensson, E. (2016). Shipping and
the environment, improving environmental performance in marine transpor-
tation, pp. 265–293. Springer. https://doi.org/10.1007/978-3-662-49045-7_9

Baratta, A., Cimino, A., Longo, F., Solina, V., & Verteramo, S. (2023). The
impact of ESG practices in industry with a focus on carbon emissions:
Insights and future perspectives. Sustainability, 15(8), 6685. https://doi.
org/10.3390/su15086685

Bertsimas, D., Orfanoudaki, A., & Wiberg, H. (2021). Interpretable clustering:
An optimization approach. Machine Learning, 110(1), 89–138. https://doi.
org/10.1007/s10994-020-05896-2

bin Hishammuddin, M. A. H., Teck, G. L. H., Chau, L. W., & Ho, C. S. (2019).
Application of comprehensive assessment system for built environment effi-
ciency (CASBEE) at city level in Johor Bahru. 1–10. https://doi.org/10.
20944/preprints201901.0328.v1

Calvin, K., Patel, P., Clarke, L., Asrar, G., Bond-Lamberty, B., Cui, R. Y.,
Vittorio, A. D., Dorheim, K., Edmonds, J., Hartin, C., Hejazi, M.,
Horowitz, R., Iyer, G., Kyle, P., Kim, S., Link, R., McJeon, H., Smith, S. J.,
Snyder, A., … Wise, M. (2019). GCAM V5.1: Representing the linkages
between energy, water, land, climate, and economic systems. Geoscientific

Model Development, 12(2), 677–698. https://doi.org/10.5194/gmd-12-677-
2019

Cefas. (2023, September 7). One Food Community. https://
onefoodcommunity.org

Cefas. (2024, April 17). One Food Community. https://onefoodcommunity.org/
Chaplin-Kramer, R., Sim, S., Hamel, P., Bryant, B., Noe, R., Mueller, C.,

Rigarlsford, G., Kulak, M., Kowal, V., Sharp, R., Clavreul, J., Price, E.,
Polasky, S., Ruckelshaus, M., & Daily, G. (2017). Life cycle assessment
needs predictive spatial modelling for biodiversity and ecosystem services.
Nature Communications, 8(1), 15065. https://doi.org/10.1038/
ncomms15065

Chaudhary, A., Gustafson, D., & Mathys, A. (2017). Multi-indicator sustain-
ability assessment of global food systems. Nature Communications, 9(1),
848. https://doi.org/10.1038/s41467-018-03308-7

Clavié, B., Ciceu, A., Naylor, F., Soulié, G., & Brightwell, T. (2023). Natural
Language Processing and Information Systems, 28th International
Conference on Applications of Natural Language to Information Systems,
NLDB 2023, Derby, UK, June 21–23, 2023, Proceedings. Lecture Notes in
Computer Science, pp. 3–17. https://doi.org/10.1007/978-3-031-35320-8_1

Colwell, R. K., & Coddington, J. A. (1994). Estimating terrestrial biodiversity
through extrapolation. Philosophical Transactions of the Royal Society of
London. Series B: Biological Sciences, 345(1311), 101–118. https://doi.org/
10.1098/rstb.1994.0091

Costanza, R. (2020). Valuing natural capital and ecosystem services toward the
goals of efficiency, fairness, and sustainability. Ecosystem Services, 43,
101096. https://doi.org/10.1016/j.ecoser.2020.101096

Cucurachi, S., Scherer, L., Guinée, J., & Tukker, A. (2019). Life cycle assess-
ment of food systems. One Earth, 1(3), 292–297. https://doi.org/10.1016/j.
oneear.2019.10.014

de la Torre-López, J., Ramírez, A., & Romero, J. R. (2023). Artificial intelli-
gence to automate the systematic review of scientific literature.
Computing, 105(10), 2171–2194. https://doi.org/10.1007/s00607-023-
01181-x

de Ridder, W., Turnpenny, J., & Nilsson, M. (2007). A framework for tool
selection and use in integrated assessment for sustainable development.
Journal of Environmental Assessment Policy and Management, 9, 423–441.

EuropeanCommission. (2010). ILCD Handbook: Analysing of existing environ-
mental impact assessment methodologies for use in life cycle assessment.
European Union. https://eplca.jrc.ec.europa.eu/uploads/ILCD-Handbook-
LCIA-Background-analysis-online-12March2010.pdf

EuropeanCommission. (2014, September 4). EU’s Environmental Impact
Assessment (EIA) Directive. https://environment.ec.europa.eu/law-and-
governance/environmental-assessments/environmental-impact-
assessment_en

Finnveden, G., & Moberg, Å. (2005). Environmental systems analysis tools –
an overview. Journal of Cleaner Production, 13(12), 1165–1173. https://
doi.org/10.1016/j.jclepro.2004.06.004

Grout, L., Hales, S., French, N., & Baker, M. G. (2018). A review of methods
for assessing the environmental health impacts of an agricultural system.
International Journal of Environmental Research and Public Health, 15(7),
1315. https://doi.org/10.3390/ijerph15071315

Hauschild, R., & Olsen, S. (2018). Life cycle assessment, theory and practice.
Springer International Publishing. https://doi.org/10.1007/978-3-319-
56475-3

Hemming, V., Camaclang, A. E., Adams, M. S., Burgman, M., Carbeck, K.,
Carwardine, J., Chadès, I., Chalifour, L., Converse, S. J., Davidson,
L. N. K., Garrard, G. E., Finn, R., Fleri, J. R., Huard, J., Mayfield, H. J.,
Madden, E. M., Naujokaitis-Lewis, I., Possingham, H. P., Rumpff, L., …
Martin, T. G. (2022). An introduction to decision science for conservation.
Conservation Biology, 36(1), e13868. https://doi.org/10.1111/cobi.13868

Kelly, C. J., Karthikesalingam, A., Suleyman, M., Corrado, G., & King, D.
(2019). Key challenges for delivering clinical impact with artificial intelli-
gence. BMC Medicine, 17(1), 195. https://doi.org/10.1186/s12916-019-
1426-2

Kerr, C., Farrukh, C., Phaal, R., & Probert, D. (2013). Key principles for devel-
oping industrially relevant strategic technology management toolkits.
Technological Forecasting and Social Change, 80(6), 1050–1070. https://
doi.org/10.1016/j.techfore.2012.09.006

10 David F. Willer et al.

https://doi.org/10.1017/sus.2024.21 Published online by Cambridge University Press

https://doi.org/10.1017/sus.2024.21
https://doi.org/10.1017/sus.2024.21
https://doi.org/10.1177/0734242x14535653
https://doi.org/10.1177/0734242x14535653
http://www.jstor.org/stable/26270315
http://www.jstor.org/stable/26270315
https://doi.org/10.1007/978-3-662-49045-7_9
https://doi.org/10.1007/978-3-662-49045-7_9
https://doi.org/10.3390/su15086685
https://doi.org/10.3390/su15086685
https://doi.org/10.3390/su15086685
https://doi.org/10.1007/s10994-020-05896-2
https://doi.org/10.1007/s10994-020-05896-2
https://doi.org/10.1007/s10994-020-05896-2
https://doi.org/10.20944/preprints201901.0328.v1
https://doi.org/10.20944/preprints201901.0328.v1
https://doi.org/10.20944/preprints201901.0328.v1
https://doi.org/10.5194/gmd-12-677-2019
https://doi.org/10.5194/gmd-12-677-2019
https://doi.org/10.5194/gmd-12-677-2019
https://onefoodcommunity.org
https://onefoodcommunity.org
https://onefoodcommunity.org
https://onefoodcommunity.org/
https://onefoodcommunity.org/
https://doi.org/10.1038/ncomms15065
https://doi.org/10.1038/ncomms15065
https://doi.org/10.1038/ncomms15065
https://doi.org/10.1038/s41467-018-03308-7
https://doi.org/10.1038/s41467-018-03308-7
https://doi.org/10.1007/978-3-031-35320-8_1
https://doi.org/10.1007/978-3-031-35320-8_1
https://doi.org/10.1098/rstb.1994.0091
https://doi.org/10.1098/rstb.1994.0091
https://doi.org/10.1098/rstb.1994.0091
https://doi.org/10.1016/j.ecoser.2020.101096
https://doi.org/10.1016/j.ecoser.2020.101096
https://doi.org/10.1016/j.oneear.2019.10.014
https://doi.org/10.1016/j.oneear.2019.10.014
https://doi.org/10.1016/j.oneear.2019.10.014
https://doi.org/10.1007/s00607-023-01181-x
https://doi.org/10.1007/s00607-023-01181-x
https://doi.org/10.1007/s00607-023-01181-x
https://eplca.jrc.ec.europa.eu/uploads/ILCD-Handbook-LCIA-Background-analysis-online-12March2010.pdf
https://eplca.jrc.ec.europa.eu/uploads/ILCD-Handbook-LCIA-Background-analysis-online-12March2010.pdf
https://eplca.jrc.ec.europa.eu/uploads/ILCD-Handbook-LCIA-Background-analysis-online-12March2010.pdf
https://environment.ec.europa.eu/law-and-governance/environmental-assessments/environmental-impact-assessment_en
https://environment.ec.europa.eu/law-and-governance/environmental-assessments/environmental-impact-assessment_en
https://environment.ec.europa.eu/law-and-governance/environmental-assessments/environmental-impact-assessment_en
https://environment.ec.europa.eu/law-and-governance/environmental-assessments/environmental-impact-assessment_en
https://doi.org/10.1016/j.jclepro.2004.06.004
https://doi.org/10.1016/j.jclepro.2004.06.004
https://doi.org/10.1016/j.jclepro.2004.06.004
https://doi.org/10.3390/ijerph15071315
https://doi.org/10.3390/ijerph15071315
https://doi.org/10.1007/978-3-319-56475-3
https://doi.org/10.1007/978-3-319-56475-3
https://doi.org/10.1007/978-3-319-56475-3
https://doi.org/10.1111/cobi.13868
https://doi.org/10.1111/cobi.13868
https://doi.org/10.1186/s12916-019-1426-2
https://doi.org/10.1186/s12916-019-1426-2
https://doi.org/10.1186/s12916-019-1426-2
https://doi.org/10.1016/j.techfore.2012.09.006
https://doi.org/10.1016/j.techfore.2012.09.006
https://doi.org/10.1016/j.techfore.2012.09.006
https://doi.org/10.1017/sus.2024.21


Konya, A., & Nematzadeh, P. (2024). Recent applications of AI to environ-
mental disciplines: A review. Science of The Total Environment, 906,
167705. https://doi.org/10.1016/j.scitotenv.2023.167705

Kraljevic, A., Meng, J., & Schelle, P. (2013). Seven Sins of Dam Building.
WWF. https://wwfeu.awsassets.panda.org/downloads/seven_sins_of_dam_
building_wwf.pdf

Lehtinen, S., Rouhiainen, P., & Azapagic, A. (2011). A Review of LCA Methods
and Tools and their Suitability for SMEs. Europe Innova Biochem. https://
www.researchgate.net/profile/Dr-Kumar-52/post/How-to-measure-LCA-
results-in-a-single-index/attachment/59d622c6c49f478072e99067/AS%
3A272119152218113%401441889669850/download/120321+BIOCHEM
+LCA_review.pdf

Loiseau, E., Junqua, G., Roux, P., & Bellon-Maurel, V. (2012). Environmental
assessment of a territory: An overview of existing tools and methods.
Journal of Environmental Management, 112, 213–225. https://doi.org/10.
1016/j.jenvman.2012.07.024

Mancini, M. S., Galli, A., Niccolucci, V., Lin, D., Bastianoni, S., Wackernagel,
M., & Marchettini, N. (2016). Ecological footprint: Refining the carbon
footprint calculation. Ecological Indicators, 61, 390–403. https://doi.org/10.
1016/j.ecolind.2015.09.040

Mercure, J.-F., Pollitt, H., Edwards, N. R., Holden, P. B., Chewpreecha, U.,
Salas, P., Lam, A., Knobloch, F., & Vinuales, J. E. (2018). Environmental
impact assessment for climate change policy with the simulation-based
integrated assessment model E3ME-FTT-GENIE. Energy Strategy Reviews,
20, 195–208. https://doi.org/10.1016/j.esr.2018.03.003

Micklin, P. (2007). The Aral Sea disaster. Earth and Planetary Sciences, 35(1),
47–72. https://doi.org/10.1146/annurev.earth.35.031306.140120

Morgan, R. K. (2012). Environmental impact assessment: The state of the art.
Impact Assessment and Project Appraisal, 30(1), 5–14. https://doi.org/10.
1080/14615517.2012.661557

MOWI. (2023). MOWI Sustainability Strategy March 2023. https://mowi.com/
wp-content/uploads/2023/03/Mowi-Sustainability-Strategy_March_23.pdf

Ness, B., Urbel-Piirsalu, E., Anderberg, S., & Olsson, L. (2007). Categorising
tools for sustainability assessment. Ecological Economics, 60(3), 498–508.
https://doi.org/10.1016/j.ecolecon.2006.07.023

Onat, N. C., Kucukvar, M., Halog, A., & Cloutier, S. (2017). Systems thinking
for life cycle sustainability assessment: A review of recent developments,
applications, and future perspectives. Sustainability, 9(5), 706. https://doi.
org/10.3390/su9050706

Park, C., & Allaby, M. (2013). A Dictionary of Environment and Conservation.
Oxford University Press. https://doi.org/10.1093/acref/9780199641666.001.
0001

Pollok, L., Spierling, S., Endres, H.-J., & Grote, U. (2021). Social life cycle assess-
ments: A review on past development, advances and methodological chal-
lenges. Sustainability, 13(18), 10286. https://doi.org/10.3390/su131810286

Quiñones, R. A., Fuentes, M., Montes, R. M., Soto, D., & León-Muñoz, J.
(2019). Environmental issues in Chilean salmon farming: A review.
Reviews in Aquaculture, 11(2), 375–402. https://doi.org/10.1111/raq.12337

Rawal, A., McCoy, J., Rawat, D. B., Sadler, B. M., & St Amant, R. (2022).
Recent advances in trustworthy explainable artificial intelligence: Status,
challenges, and perspectives. IEEE Transactions on Artificial Intelligence, 3
(6), 852–866. https://doi.org/10.1109/tai.2021.3133846

Reilly, J., Paltsev, S., Strzepek, K., Selin, N. E., Cai, Y., Nam, K.-M., Monier, E.,
Dutkiewicz, S., Scott, J., Webster, M., & Sokolov, A. (2013). Valuing climate
impacts in integrated assessment models: The MIT IGSM. Climatic Change,
117(3), 561–573. https://doi.org/10.1007/s10584-012-0635-x

Richards, D., Worden, D., Song, X. P., & Lavorel, S. (2024). Harnessing gen-
erative artificial intelligence to support nature-based solutions. People and
Nature, 6(2), 882–893. https://doi.org/10.1002/pan3.10622

Rocklöv, J., Semenza, J. C., Dasgupta, S., Robinson, E. J. Z., Wahed, A. A. E.,
Alcayna, T., Arnés-Sanz, C., Bailey, M., Bärnighausen, T., Bartumeus, F.,
Borrell, C., Bouwer, L. M., Bretonnière, P.-A., Bunker, A., Chavardes, C.,
van Daalen, K. R., Encarnação, J., González-Reviriego, N., Guo, J., …
Lowe, R. (2023). Decision-support tools to build climate resilience against

emerging infectious diseases in Europe and beyond. The Lancet Regional
Health – Europe, 32, 100701. https://doi.org/10.1016/j.lanepe.2023.100701

Rousseau, D. (2012). The Oxford handbook of evidence-based management
(O. U. Press, Ed.). Oxford University Press. https://doi.org/10.1093/
oxfordhb/9780199763986.001.0001

Rushton, J., Bruce, M., Bellet, C., Torgerson, P., Shaw, A., Marsh, T., Pigott, D.,
Stone, M., Pinto, J., Mesenhowski, S., & Wood, P. (2018). Initiation of global
burden of animal diseases programme. The Lancet, 392(10147), 538–540.
https://doi.org/10.1016/s0140-6736(18)31472-7

Sackett, D. L., Rosenberg, W. M. C., Gray, J. A. M., Haynes, R. B., &
Richardson, W. S. (1996). Evidence based medicine: What it is and what
it isn’t. BMJ, 312(7023), 71. https://doi.org/10.1136/bmj.312.7023.71

Saranya, K., Jegaraj, J. J. R., Kumar, K. R., & Rao, G. V. (2018). Artificial intel-
ligence based selection of optimal cutting tool and process parameters for
effective turning and milling operations. Journal of The Institution of
Engineers (India): Series C, 99(4), 381–392. https://doi.org/10.1007/
s40032-016-0264-7

Scheepens, D., Millard, J., Farrell, M., & Newbold, T. (2024). Large language
models help facilitate the automated synthesis of information on potential
pest controllers. BioRxiv, 2024.01.12.575330. https://doi.org/10.1101/2024.
01.12.575330

Sida. (1998). Guidelines for Environmental Impact Assessments in International
Development Cooperation. https://ec.europa.eu/echo/files/evaluation/
watsan2005/annex_files/SIDA/SIDA%201%20-%20Environmental%
20impact%20assessments.pdf

Szewrański, S., & Kazak, J. K. (2020). Socio-environmental vulnerability assess-
ment for sustainable management. Sustainability, 12(19), 7906. https://doi.
org/10.3390/su12197906

Teillard, F., de Souza, D. M., Thoma, G., Gerber, P. J., & Finn, J. A. (2016).
What does life-cycle assessment of agricultural products need for more
meaningful inclusion of biodiversity? Journal of Applied Ecology, 53(5),
1422–1429. https://doi.org/10.1111/1365-2664.12683

UNEP/SETAC. (2011). Towards a Life Cycle Sustainability Assessment: Making
informed choices on products. https://wedocs.unep.org/bitstream/handle/20.
500.11822/8001/UNEP_LifecycleInit_Dec_FINAL.pdf?sequence=3&amp%
3BisAllowed=

van der Werf, H. M. G., Knudsen, M. T., & Cederberg, C. (2020). Towards bet-
ter representation of organic agriculture in life cycle assessment. Nature
Sustainability, 3(6), 419–425. https://doi.org/10.1038/s41893-020-0489-6

van Ittersum, M. K., Ewert, F., Heckelei, T., Wery, J., Olsson, J. A., Andersen,
E., Bezlepkina, I., Brouwer, F., Donatelli, M., Flichman, G., Olsson, L.,
Rizzoli, A. E., van der Wal, T., Wien, J. E., & Wolf, J. (2008). Integrated
assessment of agricultural systems – A component-based framework for
the European Union (SEAMLESS). Agricultural Systems, 96(1–3), 150–
165. https://doi.org/10.1016/j.agsy.2007.07.009

Viola, I., & Marinelli, A. (2016). Life cycle assessment and environmental sus-
tainability in the food system. Agriculture and Agricultural Science Procedia,
8, 317–323. https://doi.org/10.1016/j.aaspro.2016.02.026

Wang, Y., Wu, X., He, S., & Niu, R. (2021). Eco-environmental assessment
model of the mining area in Gongyi, China. Scientific Reports, 11(1),
17549. https://doi.org/10.1038/s41598-021-96625-9

WEF. (2021). The Global Risks Report 2021. https://www3.weforum.org/docs/
WEF_The_Global_Risks_Report_2021.pdf

Willcocks, L. (2020). Robo-Apocalypse cancelled? Reframing the automation
and future of work debate. Journal of Information Technology, 35(4),
286–302. https://doi.org/10.1177/0268396220925830

Windsor, R., Cinelli, M., & Coles, S. R. (2018). Comparison of tools for the
sustainability assessment of nanomaterials. Current Opinion in Green and
Sustainable Chemistry, 12, 69–75. https://doi.org/10.1016/j.cogsc.2018.06.
010

Wong-Parodi, G., Mach, K. J., Jagannathan, K., & Sjostrom, K. D. (2020).
Insights for developing effective decision support tools for environmental
sustainability. Current Opinion in Environmental Sustainability, 42, 52–
59. https://doi.org/10.1016/j.cosust.2020.01.005

Global Sustainability 11

https://doi.org/10.1017/sus.2024.21 Published online by Cambridge University Press

https://doi.org/10.1016/j.scitotenv.2023.167705
https://doi.org/10.1016/j.scitotenv.2023.167705
https://wwfeu.awsassets.panda.org/downloads/seven_sins_of_dam_building_wwf.pdf
https://wwfeu.awsassets.panda.org/downloads/seven_sins_of_dam_building_wwf.pdf
https://wwfeu.awsassets.panda.org/downloads/seven_sins_of_dam_building_wwf.pdf
https://www.researchgate.net/profile/Dr-Kumar-52/post/How-to-measure-LCA-results-in-a-single-index/attachment/59d622c6c49f478072e99067/AS%3A272119152218113%401441889669850/download/120321+BIOCHEM+LCA_review.pdf
https://www.researchgate.net/profile/Dr-Kumar-52/post/How-to-measure-LCA-results-in-a-single-index/attachment/59d622c6c49f478072e99067/AS%3A272119152218113%401441889669850/download/120321+BIOCHEM+LCA_review.pdf
https://www.researchgate.net/profile/Dr-Kumar-52/post/How-to-measure-LCA-results-in-a-single-index/attachment/59d622c6c49f478072e99067/AS%3A272119152218113%401441889669850/download/120321+BIOCHEM+LCA_review.pdf
https://www.researchgate.net/profile/Dr-Kumar-52/post/How-to-measure-LCA-results-in-a-single-index/attachment/59d622c6c49f478072e99067/AS%3A272119152218113%401441889669850/download/120321+BIOCHEM+LCA_review.pdf
https://www.researchgate.net/profile/Dr-Kumar-52/post/How-to-measure-LCA-results-in-a-single-index/attachment/59d622c6c49f478072e99067/AS%3A272119152218113%401441889669850/download/120321+BIOCHEM+LCA_review.pdf
https://www.researchgate.net/profile/Dr-Kumar-52/post/How-to-measure-LCA-results-in-a-single-index/attachment/59d622c6c49f478072e99067/AS%3A272119152218113%401441889669850/download/120321+BIOCHEM+LCA_review.pdf
https://doi.org/10.1016/j.jenvman.2012.07.024
https://doi.org/10.1016/j.jenvman.2012.07.024
https://doi.org/10.1016/j.jenvman.2012.07.024
https://doi.org/10.1016/j.ecolind.2015.09.040
https://doi.org/10.1016/j.ecolind.2015.09.040
https://doi.org/10.1016/j.ecolind.2015.09.040
https://doi.org/10.1016/j.esr.2018.03.003
https://doi.org/10.1016/j.esr.2018.03.003
https://doi.org/10.1146/annurev.earth.35.031306.140120
https://doi.org/10.1146/annurev.earth.35.031306.140120
https://doi.org/10.1080/14615517.2012.661557
https://doi.org/10.1080/14615517.2012.661557
https://doi.org/10.1080/14615517.2012.661557
https://mowi.com/wp-content/uploads/2023/03/Mowi-Sustainability-Strategy_March_23.pdf
https://mowi.com/wp-content/uploads/2023/03/Mowi-Sustainability-Strategy_March_23.pdf
https://mowi.com/wp-content/uploads/2023/03/Mowi-Sustainability-Strategy_March_23.pdf
https://doi.org/10.1016/j.ecolecon.2006.07.023
https://doi.org/10.1016/j.ecolecon.2006.07.023
https://doi.org/10.3390/su9050706
https://doi.org/10.3390/su9050706
https://doi.org/10.3390/su9050706
https://doi.org/10.1093/acref/9780199641666.001.0001
https://doi.org/10.1093/acref/9780199641666.001.0001
https://doi.org/10.1093/acref/9780199641666.001.0001
https://doi.org/10.3390/su131810286
https://doi.org/10.3390/su131810286
https://doi.org/10.1111/raq.12337
https://doi.org/10.1111/raq.12337
https://doi.org/10.1109/tai.2021.3133846
https://doi.org/10.1109/tai.2021.3133846
https://doi.org/10.1007/s10584-012-0635-x
https://doi.org/10.1007/s10584-012-0635-x
https://doi.org/10.1002/pan3.10622
https://doi.org/10.1002/pan3.10622
https://doi.org/10.1016/j.lanepe.2023.100701
https://doi.org/10.1016/j.lanepe.2023.100701
https://doi.org/10.1093/oxfordhb/9780199763986.001.0001
https://doi.org/10.1093/oxfordhb/9780199763986.001.0001
https://doi.org/10.1093/oxfordhb/9780199763986.001.0001
https://doi.org/10.1016/s0140-6736(18)31472-7
https://doi.org/10.1016/s0140-6736(18)31472-7
https://doi.org/10.1136/bmj.312.7023.71
https://doi.org/10.1136/bmj.312.7023.71
https://doi.org/10.1007/s40032-016-0264-7
https://doi.org/10.1007/s40032-016-0264-7
https://doi.org/10.1007/s40032-016-0264-7
https://doi.org/10.1101/2024.01.12.575330
https://doi.org/10.1101/2024.01.12.575330
https://doi.org/10.1101/2024.01.12.575330
https://ec.europa.eu/echo/files/evaluation/watsan2005/annex_files/SIDA/SIDA%201%20-%20Environmental%20impact%20assessments.pdf
https://ec.europa.eu/echo/files/evaluation/watsan2005/annex_files/SIDA/SIDA%201%20-%20Environmental%20impact%20assessments.pdf
https://ec.europa.eu/echo/files/evaluation/watsan2005/annex_files/SIDA/SIDA%201%20-%20Environmental%20impact%20assessments.pdf
https://ec.europa.eu/echo/files/evaluation/watsan2005/annex_files/SIDA/SIDA%201%20-%20Environmental%20impact%20assessments.pdf
https://doi.org/10.3390/su12197906
https://doi.org/10.3390/su12197906
https://doi.org/10.3390/su12197906
https://doi.org/10.1111/1365-2664.12683
https://doi.org/10.1111/1365-2664.12683
https://wedocs.unep.org/bitstream/handle/20.500.11822/8001/UNEP_LifecycleInit_Dec_FINAL.pdf?sequence=3%26amp%3BisAllowed=
https://wedocs.unep.org/bitstream/handle/20.500.11822/8001/UNEP_LifecycleInit_Dec_FINAL.pdf?sequence=3%26amp%3BisAllowed=
https://wedocs.unep.org/bitstream/handle/20.500.11822/8001/UNEP_LifecycleInit_Dec_FINAL.pdf?sequence=3%26amp%3BisAllowed=
https://wedocs.unep.org/bitstream/handle/20.500.11822/8001/UNEP_LifecycleInit_Dec_FINAL.pdf?sequence=3%26amp%3BisAllowed=
https://doi.org/10.1038/s41893-020-0489-6
https://doi.org/10.1038/s41893-020-0489-6
https://doi.org/10.1016/j.agsy.2007.07.009
https://doi.org/10.1016/j.agsy.2007.07.009
https://doi.org/10.1016/j.aaspro.2016.02.026
https://doi.org/10.1016/j.aaspro.2016.02.026
https://doi.org/10.1038/s41598-021-96625-9
https://doi.org/10.1038/s41598-021-96625-9
https://www3.weforum.org/docs/WEF_The_Global_Risks_Report_2021.pdf
https://www3.weforum.org/docs/WEF_The_Global_Risks_Report_2021.pdf
https://www3.weforum.org/docs/WEF_The_Global_Risks_Report_2021.pdf
https://doi.org/10.1177/0268396220925830
https://doi.org/10.1177/0268396220925830
https://doi.org/10.1016/j.cogsc.2018.06.010
https://doi.org/10.1016/j.cogsc.2018.06.010
https://doi.org/10.1016/j.cogsc.2018.06.010
https://doi.org/10.1016/j.cosust.2020.01.005
https://doi.org/10.1016/j.cosust.2020.01.005
https://doi.org/10.1017/sus.2024.21

	Fast tracking tool selection for sustainability decisions
	Introduction
	Current status of research in sustainability tools and the need for a new approach
	Status of research in sustainability tools
	The need for a new approach to tool selection

	A methodology for fast tracking tool selection
	Scoping
	Creating a catalog of tools
	Tool selection
	Validation

	Applying the new methodology to drive impact
	Conclusion
	Acknowledgements
	References


