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Abstract

The use of Life cycle assessment (LCA) methods is rapidly expanding as a means of estimating the
biodiversity impacts of organisations across complex value chains. However, these methods have

limitations and substantial uncertainties, which are rarely communicated in the results of LCAs.

Drawing upon the ecological and LCA literature on uncertainty and two worked examples of
biodiversity footprinting, we outline where different types of uncertainty occur across multiple stages
of the LCA process, from input data to the choice of biodiversity metric. Some uncertainties are
epistemic, incorporating structural (e.g., the types of pressures included in models), parametric (e.g.,
uncertainty around conversion factors), and measurement uncertainty, as well as natural variability,
stochasticity, and information gaps. Other uncertainties are linguistic (e.g., ambiguity around
definitions of biodiversity) and decision-based (e.g., choices made when matching company data to
inventory categories). We provide suggestions for understanding, reducing, and navigating

uncertainties when using LCAs for biodiversity footprinting.

Understanding the risks posed by these uncertainties, weighing them against the costs of
inappropriate action or inaction, and ensuring decisions are robust to these uncertainties, is vital for
designing effective biodiversity strategies. With a full understanding of these uncertainties,
opportunities exist to utilise LCAs for high-level risk screening to prioritise action and highlight areas
where focused effort and more granular data are needed, to track progress towards abating impacts
year-on-year and identify low risk actions. However, biodiversity strategies should not be based solely
on absolute LCA impact results. Instead, LCAs should be used alongside other approaches to guide

location-specific and robust action to deliver a Nature Positive future.

Keywords

Life cycle impact assessment; Value chains; Environmental impact; Biodiversity; Uncertainty; Business

Strategy; Nature Positive.
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Introduction

LCA as a method for estimating organisational biodiversity impacts

The ongoing loss of biodiversity and ensuing ecosystem collapse are now recognised as major global
risks to both business and society at large (WEF, 2024). Major drivers of these negative impacts on
biodiversity, such as land use change and overexploitation of resources, are tied to consumptive and
economic activities (Dasgupta & Levin, 2023). Robust quantification of how different activities,
organisations and whole economic sectors are impacting natural systems is needed to inform more
sustainable business strategies and government policies, which are crucial for realising a “Nature
Positive” future (Addison et al., 2019; Zu Ermgassen et al., 2022) where organisations are no longer
driving biodiversity loss but instead contributing to international goals for biodiversity recovery (CBD,
2022). To develop appropriate strategies that can contribute towards global biodiversity objectives,
businesses require an understanding of how the products and activities across their entire value chain
(not just direct impacts) are impacting biodiversity (Booth et al., 2024; Panwar, 2023; White,

Bromwich et al., 2023).

Life cycle assessment (LCA) methods have been fundamental for environmental policy (Sala et al.,,
2021), enabling users to estimate and guide relative reduction of environmental impacts over the
entire life cycle of materials, products, services, and activities, and avoid unforeseen or perverse trade-
offs between different lifecycle stages, environmental pressures, and over different timescales
(Hellweg and Mila i Canals 2014; ISO 14040 2006). As one of the only methods for assessing broad life
cycle impacts and incorporating multiple drivers of biodiversity loss, LCA methods are now being used
to estimate “biodiversity footprints”; a term used to refer to estimates of organisational biodiversity

impacts (Bull et al., 2022; Peura et al., 2023), analogous to the “carbon footprints” of greenhouse gas
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emission reporting. These LCA-based methods are recommended in frameworks such as the Taskforce
on Nature-related Financial Disclosures (TNFD, 2023) and Science-Based Targets Network (SBTN,
2023), and in regulation via the EU’s Corporate Sustainability Reporting Directive (European
Commission, 2023). Once calculated, biodiversity footprint results can be used to highlight the scale
and focus of interventions needed to address an organisation’s impacts, track change over time, and
drive action for biodiversity impact reduction and compensation (Arlidge et al., 2018). Biodiversity
footprints are thus increasingly used to guide corporate biodiversity strategy design, including by data

providers for financial institutions, potentially informing large-scale economic decisions.

LCA-based biodiversity footprints begin by gathering data on company activities, purchased products
and materials, and identifying existing life cycle inventories or impact assessments which can be used
to estimate the environmental pressures exerted by all the inputs and outputs to a company’s
activities. These environmental pressures are termed “midpoints” and may include, e.g. greenhouse
gas emissions, land use, water use etc. Midpoints can be estimated using process-based LCA (using
data on company activities and the associated emissions, energy and materials), economic input-
output (I0) LCA (using data on spending, economic flows and sector-level impact data), or hybrids of
the two (Finnveden et al., 2009). The midpoints are then combined in life cycle impact assessment
frameworks to estimate “endpoint” biodiversity impacts by modelling what quantity of e.g.
greenhouse gas emissions, or area of land use, causes a defined amount of biodiversity loss (Crenna
et al., 2020; Sanyé-Mengual et al., 2023; Verones & Dorber, 2023) (Figure 1). Often these approaches

are implemented in pre-existing LCA software using harmonised LCA inventory datasets.
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Figure 1: Schematic diagram of the LCA process for assessing biodiversity impacts, moving between
three stages: data inputs; converting to midpoint environmental pressures; and converting to
endpoint biodiversity impacts. The company activities, environmental pressures, and endpoint
indicators of biodiversity included are examples and not a comprehensive list of categories always

included in LCA approaches to biodiversity footprints.

However, LCA-based methods and associated models were not originally developed for biodiversity
footprinting (Damiani et al., 2023; Lammerant et al., 2021). LCAs have recognised limitations in
capturing the complexities of biodiversity (Crenna et al., 2020; Damiani et al., 2023), and assumptions
and value choices necessarily vary between methods and practitioners. These assumptions and
choices lead to differences in scope, system boundaries, aggregation of products/activities and how
different pressures are weighted across different LCA analyses (Sanyé-Mengual et al., 2023). Results
from LCA analyses therefore depend on the tools used and assumptions made, as well as inevitable

uncertainties involved in quantifying pressure-state relationships in complex natural systems.

There is thus potential for uncertainties in i) estimated total biodiversity footprints and ii) the relative
importance of different products, activity areas or environmental pathways that form part of the total
footprint. These uncertainties have implications for the recommendations and biodiversity strategies
that footprints are typically informing. If ignored or misinterpreted, these uncertainties could lead to

misattribution of impacts, inappropriate prioritisation, and distrust by decision-makers if they suspect
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outcomes are too uncertain (Herrmann et al., 2014). The urgency of halting biodiversity loss means
that action cannot wait for “perfect” methods. However, better understanding, awareness and
accounting of the uncertainties associated with LCAs can drive collective efforts for improvement,
identify opportunities for the use of LCAs, and ensure results are interpreted appropriately so business

and policy actions to mitigate biodiversity impacts are effective and appropriate.

Aims & Scope

Here, we provide the first structured overview of types of uncertainties in the LCA process for
assessing biodiversity footprints (recognising that there may also be significant unrecognised
uncertainties) and the different analytical stages at which they occur (Figure 1). We illustrate how
different sources of uncertainty influence biodiversity footprints, using worked examples, including

those of more complex value chains or entire organisations.

We use this review to discuss the potential of LCA-based methods to support the design of businesses’
biodiversity strategies — highlighting both risks and opportunities. We provide recommendations to
better understand, reduce and navigate LCA uncertainties to increase the likelihood of appropriate

and effective prioritisation of actions to conserve biodiversity.

Uncertainty in LCA biodiversity assessments

In the context of LCA, uncertainty exists wherever there is incomplete knowledge of differences
between estimated and actual values (Barahmand & Eikeland, 2022; Finnveden et al., 2009),
essentially “any departure from the unachievable ideal of complete determinism” (Walker et al.,
2003). Typologies and methods for quantifying uncertainties are well documented in both the LCA
(Bamber et al., 2020; Barahmand & Eikeland, 2022; M. A. J. Huijbregts, 1998; Igos et al., 2019; Lloyd &
Ries, 2007; Walker et al., 2003) and biodiversity conservation literatures (Kujala et al., 2013; Milner-
Gulland & Shea, 2017; Regan et al., 2002). However, these uncertainties and methodological

differences are often not investigated (Alyaseri & Zhou, 2019; Bamber et al., 2020; Saxe et al., 2020),
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poorly communicated in guidelines for biodiversity footprinting (for example, TNFD, SBTN, and
Finance for Biodiversity Foundation guidance on biodiversity measurement approaches mention
limitations, but not explicitly uncertainties), or incompletely understood or appreciated by the

organisations using LCAs to disclose impacts and design biodiversity strategies.

We therefore propose a practical categorisation of uncertainties associated with LCA-based
biodiversity footprints to help locate uncertainty across the analytical process, scrutinise its severity
and determine tractability for improvement. This categorisation may help highlight, for example,
whether uncertainty can be reduced with improved organisational data, requires research efforts
from the LCA and biodiversity conservation science community, or is due to inherent system
indeterminism and fundamentally irreducible (Igos et al., 2019). Our framework divides the sources
of uncertainty into three major groups: epistemic, linguistic and decision-based uncertainty (Table 1).
This categorisation broadly aligns with the conservation literature, following Kujula et al. (2013), but

is also informed by the LCA uncertainty taxonomy of Huijbregts (1998) and Igos et al. (2019).

Epistemic uncertainty relates to knowledge gaps in LCA methods. It includes uncertainty due to
unknown or unaccounted-for spatial, temporal or activity level variation (M. A. J. Huijbregts, 1998),
measurement errors and biases (for example, in both the organisational activity data used to perform
the footprint and underlying ecological data supporting the LCA models), inherent stochasticity and
structural and parametric limitations in LCA models versus the real-life processes and systems they

represent (Kujala et al., 2013).

Linguistic uncertainties occur during the communication of information and can arise from over-
generalization, context dependence, or ambiguity and vagueness in language (Regan et al., 2002).
Uncertainty taxonomies in the LCA literature typically do not recognize linguistic uncertainty, but it is
likely to be significant, particularly when communicating the final impact metrics of biodiversity
footprints. Linguistic uncertainties can also occur when matching organisational or inventory data to

appropriate LCA or input-output economic categories (Table 1). For example, is a pressure labelled
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“water use” in one model equivalent to water withdrawal or consumption in another, and is it “blue”,
“green” or “grey” water (Mekonnen & Hoekstra, 2011))? This is particularly challenging when category

names are ambiguous or highly aggregated.

Lastly, some uncertainties arise due to human decisions, leading to assumptions in the LCA process
often underlain by subjective values and preferences (M. A. J. Huijbregts, 1998; Kujala et al., 2013).
Human decision uncertainty may relate to what to include or exclude in assessments, via both the
organisational activities considered “in scope” and the environmental impact pathways modelled. For
example, an organisation may only consider direct land use related to its buildings, versus considering
a broader spectrum of emissions and impacts across the value chain. Other choices may lead to
assumptions around incomplete data, for example, whether a petrol/diesel ratio in an organisation’s
fleet is better represented by company data from a previous year or by national averages from
government data sets. Choices can also be made about which LCA framework or future scenario to
use. For example, the ReCiPe LCA framework includes “individualistic”, “hierarchic”, and “egalitarian”
models to choose from that reflect different assumptions around how impacts change over time, and

how humanity will respond to environmental changes in the future (M. A. J. Huijbregts et al., 2017).

Epistemic, linguistic, and decision-based uncertainty can occur at many different stages of the LCA
biodiversity footprinting process (Figure 1; Table 1). Where uncertainties have been investigated in
detail in LCA studies, they have predominantly focussed on the epistemic uncertainty in model
parameters, variability in data, and from the use of different databases and methods (e.g. Barahmand
& Eikeland, 2022). However, all sources of potential uncertainty need to be acknowledged and
addressed, as they will all feed into the biodiversity footprint, affecting the perceived and actual

legitimacy and utility of LCA outputs.



177  Table 1: Examples of the three types of uncertainties at three different stages of the LCA process (see Figure 1) when calculating biodiversity impact. A

178 detailed list of uncertainties split by type and LCA stage is provided in Table S1 in the Supporting Information

LCA Stage (see Figure 1)
Type of
Uncertainty ] o . . n . .. .
Organisational Activity Data Inputs Midpoint Environmental Pressures Endpoint Biodiversity Impact
. Parameter uncertainty in the conversion factors, Parameter uncertainty in the conversion factors, including the
Data gaps, poor representativeness of . . . . . . e L o
units (e.g. spend not quantity) including the assumption of linear scaling of spatial, temporal, and context specificity of biodiversity impacts,
‘6. 5P . g . vh activity units to pressures, spatial, temporal and and underlying biases, paucity and measurement error in data used
unknown geographic sourcing of . . : -
. . . e L activity-level variation, measurement error and to model pressure-state relationships.
Epistemic materials, or intrinsic variability of stochasticit
activities not adequately captured (e.g. ¥ . . .
. Structural uncertainty due to pressures (and interactions between
one month used to model entire year). . . . s .
Structural uncertainty due to what pressures are pressures) included in the model, components of biodiversity
or are not included in the model. included.
Poor matching of LCA categories, or company Linguistic uncertainty in communicating biodiversity impact scores,
Unclear labelling in documentation of data to LCA inventory categories, due to including their intrinsic meaning as well as what constitutes a
what the company activities are, and if ambiguity, vagueness or high degrees of “good” score.
they should be included, e.g. does aggregation. For example, is “land stress” in one
Linguistic spend labelled as “IT” include software, model equivalent to “land occupation” or Linguistic uncertainties can prompt the use of simplified metrics,

hardware, IT support salaries, digital
services, or all of the above.

“transformation” in another, and what is included
in “business services” as an LCA input-output
category or as a procurement label in company
data.

such as normalised “Biodiversity Impact Scores”, which appear to
sidestep communication issues but are not clearly related to what is
being modelled or the underlying conservation issues

Decision-based

Deciding the activity data boundaries,
i.e. what to include or exclude from
scope of analysis, and what assumptions
to make for missing or incomplete data.

Choice of life cycle impact assessment method
(e.g. process-based, input-output, or hybrid LCA
methods), software implementation (e.g.
SimaPro, Open LCA, Brightway), and underlying
data (e.g., EXIOBASE, Ecoinvent, HESTIA) and how
to make them compatible with each other.

Choice of assessment framework e.g., LC-IMPACT, ReCiPe, Impact
World +.

Assessing adequacy of the metric for providing a proxy of overall
biodiversity value and deciding what a “good” score is.
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Organisational Activity Data Inputs

There are often large uncertainties associated with company activities. A lack of data hinders
businesses' engagement with their biodiversity impacts (T. B. White et al., 2023). Specific activities
may be completely undocumented or quantified in inappropriate or suboptimal ways. For example,
purchase data may only be available as spend instead of quantities of materials purchased, or activities
may be pooled in broad categories (e.g. all transportation, as opposed to driving, flying, and public
transit detailed separately). Data may be inaccessible because employees or suppliers are unwilling or
unable to supply information, or heterogenous in quality or completeness owing to varying standards
across company business units or suppliers. This necessitates assumptions in analysis, for example,
scaling one set of organisational data on the supposition it follows the same trends as another, or
leaving out activities or inputs where there are data gaps. Consequently, better-documented activities

may be disproportionately represented in the results simply because they are better quantified.

Company data on direct operations are often better quantified than data on the upstream and
downstream value chain activities. For example, a supermarket chain may know the location of its
offices and shops but have limited information on sourcing locations of ingredients in the products it
buys (upstream) or how customers dispose of waste (downstream). This is problematic for
footprinting, as supply chains form a major component of biodiversity impacts (Bull et al., 2022; Peura
et al., 2023), and impacts on biodiversity vary substantially depending on their location. If data on
sourcing locations are limited, assumptions often must be made, introducing uncertainties into the
final results, which may be inconsistent across different parts of the footprint. The data available on
downstream activities and approaches for modelling their impacts are often even more limited. For
example, current SBTN guidance classifies downstream impacts out of scope, due to low confidence
in the methods for estimating impact (SBTN, 2023). From an organisational perspective, downstream
activities may also not be considered if they are deemed fully outside the organisation’s remit and

control.

10
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Converting inputs to midpoint environmental pressures (midpoints)

The numerous uncertainties within the LCA modelling process for converting inputs to midpoint
environmental pressures have been well documented (M. A. J. Huijbregts, 1998; Igos et al., 2019;
Walker et al., 2003). Defining the goals and scope of an individual LCA requires choices about system
boundaries, functional units, and LCA indicators and methods (lgos et al., 2019). Choices regarding
matching company activity data to different LCA processes, use of different inventory datasets,
allocation procedures, and how all these things are combined and implemented in LCA software can
all produce variation in outputs (e.g., Cherubini et al. 2018). For example, in a case study of wine
production, different LCA practitioners were provided with standardised data inputs and made many
different choices across an assessment of upstream, core and downstream midpoint impacts for a

single Italian wine bottle (Scrucca et al., 2020).

The broad choice between using a process-based (e.g., Ecoinvent) or input-output-based (e.g.,
EXIOBASE) LCA model presents an “accuracy vs precision dilemma” (Perkins & Suh, 2019). Process-
based LCA offers a high degree of specificity but limited system boundaries (known as “truncation
errors”), which may underestimate impacts (Lenzen, 2000), whereas input-output approaches (which
often estimate impacts from resource extraction up to the product leaving the factory) may be
hindered by aggregation into broad economic sectors and regions (Baboulet & Lenzen, 2010). Hybrid
approaches attempt to combine the best of both (Lenzen & Crawford, 2009) but should be carefully
navigated to avoid combining analyses with incomparable system boundaries, which could result in
misrepresenting the relative size of different impacts (Lenzen, 2002). For example, Steubing et al
(2022) show how the choice of input-output or LCA databases for carbon assessments influenced the
footprint results for many products and services, with more than half of the footprint estimates

differing by more than a factor of two.

There can be large epistemic uncertainties in using LCAs to convert activity data to mid-point

environmental pressures. Structural uncertainties include the representativeness of the materials and

11
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energy required for a given product/service (e.g. flows), the limited modelling of the relationships
between activities and pathways (lgos et al., 2019), and can include key processes being missed
entirely in the life cycle inventory, for example, neglecting the impacts of materials being transported
or the energy required for construction. There are also parameter uncertainties in the multipliers used
to convert activity data to pressures, known as “characterisation” or “conversion” factors (e.g.
calculating the greenhouse gas emissions per kg of a given product produced). Uncertainties can arise
from limited data on the activity-pressure relationship, stochasticity, measurement errors, and spatial,
temporal and activity-level variations and assumptions (such as the assumed linear relationship
between the activity and the magnitude of the impacts). Taking mining activities as an example,
environmental impacts may not scale linearly with increased production, with impacts varying with
mining site age or economies of scale (Franks et al., 2013). In addition, generalised conversion factors
for mining activity will not capture differences between sub-sectors, mining methods, and
geographies. For example, the most significant pressures per kg of nickel produced from laterite mines

versus sulphide mines may be very different (Mervine et al., 2023).

Initiatives such as the United Nations Environment Programme’s Global Guidance on Environmental
Life Cycle Impact Assessment Indicators (UNEP-GLAM), ISO standards (ISO 14040 2006), and TNFD and
SBTN, offer guidance on best practice and recommended tools and approaches. However, there is
currently no standardised biodiversity equivalent to GHG protocols that clearly delimits the scope of
biodiversity impact analysis, resulting in uncertainties in benchmarking both within and between

companies, depending on the methods and boundaries chosen for a particular analysis.

Estimating and communicating biodiversity impact (endpoint)

Biodiversity is defined as the variety of life and can include variation in structural, functional and
compositional components at various levels of organisation, from genes and species to ecosystems
and land/seascapes (Bracy Knight et al., 2020; Noss, 1990). Metrics to quantify biodiversity may be

developed for different reasons; for example, to assess the state of nature, to estimate the outcomes
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of biodiversity conservation actions or, in the case of biodiversity footprints, estimate pressures
driving biodiversity declines. A single biodiversity metric may be desirable for policy and business
targets (Rounsevell et al.,, 2020), but no one metric can capture all components and levels of
biodiversity. There are therefore necessary assumptions and uncertainties imbedded in the act of
including biodiversity metrics within LCA, with different models varying in which components and
levels of biodiversity are considered, and uncertainties around whether the proxies for potential
biodiversity loss (such as ecosystem quality decline or extinction risk) are representative enough of

actual biodiversity loss to be meaningful in the specific decision context.

Various LCA frameworks have been developed to estimate endpoint biodiversity impacts (see reviews
by Sanyé-Mengual et al. (2023) & Damiani et al (2023)). Although powerful in their capacity to combine
different environmental impact pathways into one overall impact on biodiversity, the shoehorning of
so many different processes and pressures into one metric introduces many epistemic uncertainties.
Frameworks capture different threatening processes, different realms (e.g., terrestrial, freshwater,
marine) and components of biodiversity, and have different levels of spatial specificity (Crenna et al.,

2020; Damiani et al., 2023).

The most commonly used biodiversity LCA frameworks include ReCiPe 2016 (M. A. J. Huijbregts et al.,
2017), LC-IMPACT (Verones et al., 2020), EcoScarcity 2013, and Impact World+ (Bulle et al., 2019),
which all use measures of species and community composition, i.e. the predicted loss of species
richness, as a proxy of ecosystem degradation under given pressures and timeframes (Damiani et al.,
2023). The final impacts are usually expressed as a “Potentially Disappeared Fraction of Species” [PDF],
referring to either local or regional loss (the communication of this is often unclear and definitions
vary from model to model). In ReCiPe 2016 the PDF score is multiplied by an estimate of the average
global species density in the three different biogeographic realms (terrestrial, freshwater and marine
ecosystems) to calculate ‘species.year’; an estimate of the species loss that may occur as a

consequence of an organisation’s activities (Huijbregts et al. 2017). The absence of genetic diversity,
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species abundance and ecosystems diversity (Crenna et al., 2020) from these frameworks means
important changes in biodiversity are missed in underlying conversion factors (Scherer et al., 2023).
However, metrics exist that do capture some of these different components in LCA contexts (e.g. mean

species abundance; Schipper et al. 2020).

Of the major pressures to biodiversity (see IPBES 2019), only land use change, climate change,
pollution and water use are currently captured in most frameworks, while research is ongoing to
incorporate invasive species and overexploitation (Borgelt et al., 2024; Crenna et al., 2020; Sanyé-
Mengual et al., 2023). Even within the approaches for assessing individual pressures, however, there
can be significant epistemic model uncertainties. For example, species-area relationships — a
fundamental ecological concept (MacArthur & Wilson, 1967) — are accounted for in some land use
conversion factors via ecoregion-scale weightings that reflect the area of habitat remaining (e.g.,
Chaudhary et al. 2015; Chaudhary and Brooks 2018). However, the impact of land use change on
species persistence probability also depends on species’ affinity to different habitats, and level of
habitat fragmentation — something only recently incorporated into conversion factors (Scherer et al
2023). Land use conversion factors also assume a linear relationship between the pressure and species
loss, despite the non-linearity of species-area relationships. Different LCA biodiversity metrics can also
make very different assumptions and choices regarding reference conditions, system boundaries and
baselines (Damiani et al., 2023), and assume that the impact of different pressures on biodiversity are
additive, while in reality there may be synergistic or antagonistic interactions between pressures

(Brook et al., 2008).

LCA models also differ in the level of spatial specificity they provide — an important source of
uncertainty given biodiversity is highly location-specific. Adding regionalisation into LCA biodiversity
impact frameworks is a key priority and regional specificity has already been enhanced by LC-IMPACT
and Impact World+ (Sanyé-Mengual et al., 2023). Indeed, where conversion factors have been

calculated at a finer level, very large variations in outcomes has been found between different taxa
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and land use types globally (Scherer et al., 2023). PDF-based approaches do not always account for
the differences in the significance of biodiversity in different localities (e.g. total number of species
present, endemism, specific threat levels, i.e. how many species are critically endangered in a region).
Metrics are emerging that could be integrated into LCA methods to make them more spatially explicit
(i.e. providing increasingly granular location-specific conversion factors) and account for the
significance of the biodiversity in an area (e,g, Eyres et al. 2023; Mair et al. 2021), including approaches
that weight regional conversion factors with an estimate of global extinction probabilities (GEP;

Verones et al 2022).

There are also many parameter uncertainties, data gaps, and biases stemming from our imperfect
knowledge of the status of biodiversity and its context-specific response to pressures. There can be
extreme taxonomic and geographic variation in biodiversity data availability (Cazalis et al., 2022),
including the data underlying the conversion of pressures to endpoint indicators in LCA methods
(Table 2). This means that conversion factors may not be representative of spatial, temporal and
activity level variability in the pressure-state relationships. For example, different policy and

regulatory contexts may influence the impact of different pressures on biodiversity.

As well as the epistemic biases in datasets, ecological systems have inherent variability and
stochasticity that manifest as further parameter uncertainty. Whilst research is continuing to improve
the robustness of our understanding and quantification of pressure-state relationships (e.g.,
biodiversity responses to land use change; Chaudhary and Brooks 2018; Scherer et al 2023; and water
use; Pierrat et al. 2023), these parameter uncertainties and data gaps add uncertainty when
biodiversity impacts are generalised across the globe or extrapolated to different taxa and

geographies.

15



326

327

328

Table 2: Examples of datasets and uncertainties underlying characterisation of biodiversity

impacts in LCA.

change (Urban, 2015)

ReCiPE 2016, uses average values for extinction risk at
current levels of warming (2.8%) and at 4.3 degrees C of
warming (15.7%), assumes a linear trend between these
values to estimate the conversion factor. This figure is then

Source Pressure Datasets used: Epistemic biases in datasets

= Chaudhary and Brooks (2018 . .
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increasing non-linearly with higher global temperature.
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extrapolated globally, not accounting for the non-linear
relationship between temp and extinction risk, the
uncertainty in estimates, or variation in the impacts of
global warming geographically or by taxa.
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Biodiversity metrics used in LCA processes often generate very small numbers (for example, a
biodiversity footprint of 1e-7, or 0.0000001 PDF.year, see worked example in Box 1) which can be very
challenging to interpret and communicate (Cohen et al., 2002). This is exacerbated in area- and time-
integrated PDF, which can show similar results through changes in either area, time or species loss.
For example, 10 PDF.m2.year could mean i) 10% of species have disappeared from 100m? over a year,
or ii) 100% of species have disappeared from 10m? over a year, or iii) 10% of species have disappeared
from 10 m? over 10 years (Goedkoop et al., 2022), each of which would have very different ecological
consequences. In addition, the area could be associated with the first clearance of land or the
pressures of ongoing land occupation, e.g. for industry or agriculture (LCA frameworks can estimate
both processes). This introduces linguistic uncertainty, and often motivates biodiversity outputs being
communicated in generic terms (e.g. an arbitrarily scaled biodiversity impact score (Bull et al., 2022)
or a relative score within an overall biodiversity footprint) which may be interpreted differently

depending on the audience and contextualisation (Kujala et al., 2013).

Worked Examples:

Although many studies have investigated uncertainties in the LCA process, it is still common for LCAs
to be used for biodiversity footprinting without consideration or presentation of uncertainties in the
outputs. In Boxes 1-2, we present two worked examples to show how uncertainties can affect outputs
of an LCA for biodiversity footprinting. An expanded methodology is provided in the Supporting

Information.
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Box 1: Quantifying the biodiversity impact of a simple agri-food product.
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Figure 2: Biodiversity footprint results for a single chocolate cake commodity (y axis) analysed using four
different LCA inventories (x axis), and two different LCA frameworks. The top row shows absolute
biodiversity footprint results broken down by environmental pressure. The lower plots shows the percentage
biodiversity footprint broken down by different chocolate cake ingredients.

Aim: This example explores the decision case of a company assessing the biodiversity impacts of a product in
order to prioritise biodiversity mitigation actions. The aim is to show how different midpoint and endpoint models
can introduce model uncertainties that result in both different absolute estimates of biodiversity impact, and
variation in how those impacts are distributed across different ingredients and impact pathways.

Methods: Figure 2 shows the biodiversity footprint of a hypothetical chocolate cake, with variation on the x-axis
showing results when four different LCA inventories are used to estimate the midpoint pressures. In addition, the
two sets of different plots utilise two different LCA frameworks — LC-IMPACT and ReCiPe — which were used to
calculate endpoint biodiversity impacts.

Implications: This case study highlights the epistemic model uncertainty in biodiversity footprinting, with all 8
methodological combinations generating both different absolute biodiversity impact values, and different
distribution of impacts across environmental pathways and cake ingredients (Figure 2). This serves to emphasise
that LCA alone cannot be used to justify decisions around target setting. However, agreement across most models
that chocolate is responsible for the largest proportion of impacts, most likely via land use and climate change
impact pathways, could be used to justify a prioritisation of further investigation into chocolate sourcing,
supplementing these results with more spatially-specific biodiversity monitoring and screening in the specific
geographies and processes involved.
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Box 2: Understanding the impact of a UK household’s consumption on biodiversity.
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Figure 3: Biodiversity footprint results for the same quantity of expenditure on coffee [top-left], petrol [top-
right] and other services and professional fees [bottom-left] (y axis), if allocated to different input-output-
based LCA categories (x axis).

Aim: This example explores the decision context of a household, organisation, or even nation, wishing to
understand the relative impacts of expenditure on different activities or commodities. The goal was to highlight
how decision and linguistic uncertainties can influence biodiversity impact calculations when matching activity
or spend data to appropriate LCA or input-output categories, and the associated limitations of LCA analyses.

Methods: Figure 3 shows the calculated biodiversity impact of the average UK household spend on A) coffee, B)
petrol and C) other professional services. On the x-axis, the input-output-based LCA category to which the spend
was matched is varied, showing the difference in biodiversity impact that would be calculated as a result of
decisions made when matching categories. The input-output framework used was EXIOBASE, a multi-
regional environmentally extended input-output database used to calculate midpoint pressures. For example,
expenditure on Coffee in the UK Living Costs survey could be matched to: coffee drinks captured in EXIOBASE
category Beverages; roasted coffee and coffee substitutes in Food products; or unroasted coffee in Crops.
Endpoint biodiversity impacts are then calculated using the ReCiPe LCA framework.

Implications: These examples demonstrate how linguistic uncertainty in input data — with data grouped in
vaguely-named, highly aggregated categories — and subsequent decision-based uncertainty in the matching of
spend to broad LCA categories, can lead to large variations in the estimates of impacts. If these matches were
not representative of the actual expenditure activities and commodities they were being used to model, and
these choices were not made clear when LCA-based biodiversity footprints were reported, it could lead to
misattribution of impacts and inappropriately targeted biodiversity strategies.
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Reducing, understanding, and navigating uncertainty in LCAs

Reducing uncertainty

Reducing uncertainties in LCA outputs is a key approach for increasing their utility and robustness.

Approaches for this include:

Reduce uncertainties in data inputs — Organisations can reduce LCA uncertainties through collecting
improved data on their value chains, including more complete and accurate quantification of the
volumes of specific goods and services, sourcing locations, and details of specific production
processes. These data are often patchy or unavailable, meaning only generalised values are used to
assess impact (T. B. White et al., 2023). Improved data inputs could substantially reduce parametric
uncertainties in the biodiversity footprint process, facilitate benchmarking across sectors and tracking
of trends over time. Having more accurate inventory data can also reduce decision uncertainties by
providing clarity on the relevant processes and categories to match to LCA classifications (Scrucca et
al., 2020). However, improving data collection can be resource and time-intensive (Halpern et al.,

2006) and may only be improvable to a limited extent.

Reduce uncertainties in models — For LCA researchers, and those developing biodiversity endpoint
metrics, there is an opportunity to refine impact models and conversion factors via targeted research
on high uncertainty areas, including (a) building in more specific production practices to make
estimates more reflective of actual company impacts, and (b) working to improve regionalisation in
models. For example, the HESTIA project is working to update and improve regionalisation in
conversion factors from agricultural commodities by collating and harmonizing data from peer-
reviewed literature. For organisations, model uncertainties can be reduced by moving away from
generic or proxy data to quantify impacts, and towards the use of better matched or extrapolated

models (Canals et al., 2011), or generating context-specific LCAs from onsite measurements.
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Understanding and documenting uncertainty

It is only possible to reduce uncertainty to a certain extent; the inherent stochasticity of natural
systems, for example, will always be present. However, a range of approaches and tools can help
better understand and document uncertainties to improve confidence in decision-making. Igos et al.
(2019) outline recommended approaches at three levels of effort and technical capacity. At minimum,
they recommend a qualitative description of uncertainties in the process, carefully communicated to
avoid biased interpretation of results (Igos et al., 2019). Higher levels of effort involve quantitative

analysis and descriptions of the uncertainties emanating from multiple sources.

Document assumptions and limitations to aid interpretation - Documenting assumptions is a key
component of evidence-based practice (Salafsky et al., 2022), and can be key to reducing uncertainties
caused by human decisions. LCA users should be mindful to disclose assumptions and limitations,
alongside justifications for the selection of particular indicators and models (Igos et al., 2019). To
reduce linguistic uncertainties, care should be taken in communication of biodiversity outcomes and

associated assumptions and limitations, considering end-users’ prior understanding.

Test sensitivity and use multiple LCA methods - Conducting LCAs using different LCA methods,
different inventory databases and conversion factors to calculate biodiversity impacts (Box 1 and 2)
can help reveal discrepancies and test the sensitivity of results to changes in model structure,
parameters, biodiversity metrics, and input variables (Barahmand & Eikeland, 2022). For example, a
study of the biodiversity impact of the EU’s household consumption tested multiple methods,
highlighting broad alignment (food, and in particular meat and chocolate consumption, were the most
contributing products under most methods) but also discrepancies between methods (Sanyé-Mengual
et al., 2023). More broadly, scenario analyses and sensitivity tests are used in LCA to test the impact
of key assumptions on outputs (Igos et al., 2019; Martinez Ramadn et al., in review). For example, LC-

IMPACT provides max and min values for conversion factors that could be used to test sensitivity of

21



395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

results. Ideally, such sensitivity tests would allow triangulation of metrics that assess different

components of biodiversity, to help prioritise robust action.

Use tools to assess uncertainty in combination with LCA - There are a range of approaches that can
be used to express uncertainty (e.g. probability bounds analysis, Monte Carlo sampling and variations
on these approaches; Groen et al., 2014; Halpern et al., 2006; Igos et al., 2019). In LCAs the impacts of
parameter uncertainties are most frequently investigated using Monte Carlo simulations that
repeatedly re-run analyses, sampling values of each parameter from probability distributions provided
in LCA databases, and looking at the variation in outcomes (Barahmand & Eikeland 2022). Approaches
used to assess uncertainties vary in their performance and computational requirements (Groen et al.,
2014). Some LCA software has started to integrate these approaches (e.g. SimaPro; Scrucca et al.
2020), but they can be computationally demanding. Such methods will not address variation in results
owing to human decisions and linguistic uncertainty. Recommendations on better navigating decision
and linguistic uncertainties include enhanced inventory data with clear information on functional
units, system boundaries and the environmental pathways considered to aid with choices of

representative processes, and external peer review of the LCAs (Scrucca et al., 2020).

Navigating uncertainty

Uncertainty is inherent in LCAs, but once acknowledged can be navigated to ensure that decisions

made are robust to these uncertainties. Options to help navigate uncertainties include:

Deploy tools for aiding decision making in high-uncertainty contexts - Several approaches are
available to make decisions in high-uncertainty contexts. For example, info-gap theory looks at
possible variation in initial estimates that would influence the outcomes of decisions made (Hayes et
al., 2013). In the case of LCA, this may involve assessing the biodiversity impacts of different sourcing
materials and seeing how much variation in parameters would be required to alter the prioritisation

of business mitigation effort. There are numerous examples from the ecological literature where these
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approaches have been used to help guide decisions about conservation strategies, often focussed on

parameter uncertainties (Hayes et al., 2013).

Get started, and plan to update — Given the urgency of the need to engage with biodiversity,
limitations and uncertainties in LCA methods may need to be embraced to some extent — having a first
go at estimating impacts, alongside transparent reporting of the approach used and a plan to update
and improve analyses, would demonstrate a willingness to reduce uncertainty over time. Decision-
support and evaluation frameworks that allow for adaptive management may be useful here (Addison
et al., 2020). Businesses should be aware that analytical refinements and data improvements may
result in changes in the estimated impacts that are not associated with actual changes in business
activity, just their quantification. Care should therefore be taken to separate changes in footprint
calculations due to company action across the mitigation hierarchy, and those resulting from
improved data and model refinements. When LCA models are improved and updated, re-baselining
will be required to enable meaningful comparisons over time and assess progress towards biodiversity
goals. In general, LCA methods are most appropriate for comparing relative differences in estimated
impacts for products and activities that are assessed with exactly the same methods. Used in this way,

the uncertainties at least remain relatively consistent, allowing for a meaningful relative comparison.

Take a conservative approach - One simple approach for navigating uncertainty is to use conservative
estimates when possible. This leans towards overestimating impacts, which might be unattractive to
businesses but reduces the risks associated with inadvertently underestimating impact and
incentivises investment in improving datasets and models. If reporting over time, businesses should
be careful to avoid accusations of greenwashing by being very clear when reductions in their
biodiversity impacts are due to genuine action to address them, rather than improvements in the
estimates of impacts. In some contexts, there could be a strong rationale for taking other approaches,
which must be clearly articulated. For instance, there may be large discrepancies in uncertainties

between pressures e.g., ecotoxicity impacts may have higher uncertainty than land use impacts. If a
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precautionary approach is taken in these situations it could lead to prioritisation of effort towards

mitigating potentially insignificant, but highly uncertain pressures.

Implications for estimating biodiversity impact and strategy design

LCAs provide a tractable approach for estimating biodiversity impacts across complex value chains and
considering multiple pressures on biodiversity - a necessary foundation for Nature Positive
commitments (Panwar, 2023). Yet, uncertainties in LCA results pose potential conservation and
business risks when the results are used for designing biodiversity strategies, including inappropriate
prioritisation of actions and subsequent misallocation of resources to abate biodiversity impacts. It is
therefore important to understand the risks posed by these uncertainties in strategy design, weigh
them against the costs of inappropriate action or inaction, and ensure decision-making is robust to

these uncertainties — a balance explored in the climate change literature (e.g., Wiens et al. 2009).

LCA approaches are well suited for risk screening to estimate the potential biodiversity impacts of
different products and activities across value chains, identify the possible scale of action required to
address those impacts, and prioritise key issue areas (e.g., pressures, activities, products, locations,
commodities) for further investigation, target setting and action. This use case corresponds to multiple
steps in TNFD’s LEAP framework (TNFD, 2023), the ‘Assess’ step of SBTN (SBTN, 2023) and the ACT-D
framing. Used in this way, with carefully defined system boundaries, methodologies and assumptions,
LCAs can also help organisations explore the relative benefits of and trade-offs between different
products, processes and sourcing or production decisions. However, the time and resources required
to gather data, complete analyses, and interpret LCA results must be proportionate to where it is
needed to support robust decisions (e.g. Pilgrim et al., 2013), and should not substantially divert
efforts from implementing low-risk actions to start reducing negative impacts on biodiversity. For
critical impacts under the direct operational control of companies, more granular (ideally primary)

data on pressures and impacts should be prioritised over modelled estimates.
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After using LCAs to identify priority issue areas, other complementary methods can be used to provide
more granularity or clarity. For example, if an initial LCA of an organisation’s value chain suggests high
impacts from agricultural commodities in the upstream supply chain, the next step could be to focus
on mapping location-specific supply chain information (e.g., TRASE) and requesting primary data (e.g.,
on land occupancy and deforestation) from suppliers. This can guide appropriate location-specific
mitigation action, such as reducing sourcing from areas on deforestation frontiers. In addition, LCA
was designed around the negative impacts of pollutant inventories and is not as compatible with
estimating positive biodiversity impacts - a necessary component of Nature Positive strategies (Booth
et al., 2024). In these situations, spatially-explicit metrics capable of measuring positive changes in the
state of nature are needed to monitor outcomes. It is also important to consider the social
consequences of biodiversity impacts, which are place-specific, and strategies built upon
environmental LCAs alone could entrench inequalities. In these ways, current LCA frameworks alone
are not sufficient to support the entire suite of decisions within biodiversity strategy development and
implementation (Crenna et al., 2020). They should be used as part of a broader methodological toolkit

for biodiversity strategy design (see Addison et al. 2020).

The absolute values of biodiversity impacts estimated by LCA models should be interpreted cautiously
because i) considerable uncertainties are involved, ii) they identify potential but not actual impacts on
biodiversity (Barahmand et al. 2022), and iii) estimated footprints are not linked to specific biodiversity
taxa, habitats or locations. Although suitable for communicating results, and tracking change over
time if the context and methods stay constant, absolute numbers must be accompanied by clear
communication of uncertainties. Moreover, if LCAs are to be used to support comparative assertions
both within and between companies - a use case for which LCAs have been criticised (Jia et al., 2022)
- there must be a robust understanding of uncertainties, and consistency between approaches to

ensure embedded uncertainties are equal and therefore comparable.
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Until uncertainties in LCAs can be reduced and robustly quantified, it is good practice for
organisational targets and strategies to be based around a basket of complementary metrics derived
from LCA-based and non-LCA methods, including actions, pressures and primary data on state of
nature. Pressure targets could be based on LCA midpoints - which are more tangible to measure and
responsive to company action. For example, targets are currently recommended for land use,
freshwater pollution, and GHG emission under the Science-based Targets framework (SBTN, 2023).
Conversely, goals and targets based solely on endpoints from LCAs would mask high uncertainties,

and risk implying mitigation action is fungible across different pressures; which is not the case.

One final key mechanism for ensuring that biodiversity strategies based on LCA footprinting can
deliver positive and efficient biodiversity outcomes is to cross-reference and triangulate with other
sources of data and well-evidenced recommendations from conservation science. There may be some
low-risk mitigation actions that are well-evidenced and very unlikely to have unintended
consequences for biodiversity. For example, seeking to reduce and where feasible eliminate
conversion of natural habitats. Certain actions may even have positive financial benefits, such as
improving resource efficiency or reducing the consumption of commodities that are not critical for
business operations (Bull et al. 2022). In practice, lowering consumption may prove unpopular with
some stakeholders - but there are clear benefits to exploring biodiversity strategies that adopt
avoidance actions to the greatest extent possible: e.g., eliminating unnecessary business travel,
reducing consumption of impactful agricultural products etc. Other low-risk actions from a biodiversity
perspective include investments in proactive conservation actions, such as increases in philanthropic

donations to nature conservation organisations.

Uncertainties are pervasive across the LCA process, leading to high risks associated with their use if
these uncertainties are not reduced, understood and navigated. But if appropriately applied alongside
other approaches, as we have outlined, LCAs can help inform robust decisions, allowing organisations

to develop effective and efficient strategies to reverse biodiversity loss.
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Supporting Information

Table S1: Expanded typology of uncertainties

Nature of Uncertainty

Epistemic
2 3
) 5 [ 3
LCA Stage Source Examples w | |l < | &2 || 3|8
S |/S|2/8|5|3 | |09
c ) =, = o 2 @ ®
S 3 2|8 3 « | 2| 9
= 1w = =2 [} o o @
s | S |F|a|3|3 )
N I A - - I I °
§ -]
. . . Units of spend vs quantity vs energy will capture the true extent and magnitude of
Functional unit representativeness - p. ° v . J < X
activities differently.
o Most data collection for footprints is (at best) collected annually, which may not
Temporal variability . L S o X
keep pace with temporal variability of organisational activities.
. e Knowing the extent of direct operations, or the geographical sourcing of items in
Spatial specificity . . 2 eIl & X
the supply chain.
Organisational | Technical eranularit Categories can be very specific, or uncertainties can arise from the pooling of
Activity Data = v activities into broad categories. X
Inputs
Labelling Poor data communication or labelling of what activities include. X
Some data may be limited, unavailable, or completely inaccessible because
employees or suppliers are unwilling or unable to supply information, or because
Completeness Sy 2 o i PpY o X
of varying resources and difficulty in accurately quantifying activities, e.g. the
flows of products downstream can be particularly challenging.
. Incorrect unit conversions or biases towards more comprehensive quantification
Data recording o X
of some activities over others.

40



Midpoint
Environmental
Pressures

Impact
representativeness

Not including all impact pathways relevant for measuring a biodiversity impact,
e.g. water and land use, but not the impact of invasive species.

Activity
representativeness

Some company activities may not be compatible with existing LCA literature or 10
economic categories, so cannot be captured in the model.

As organisations repeat a footprint annually, boundaries may change as

I::;:)?;:; organisations change or data or methods improve, which has knock on impacts X
for results comparison (benchmarking) over time.
Data may be available in more accurate measures (e.g., quantity) but mechanisms
Model . . for assessment may only exist less accurate forms (e.g., spend) or there may be a
Boundaries & | Functional units choice to apply consistent methods across activities that means some units have X
Structure to be converted to be compatible.
Decisions made about where to place boundaries for analysis, i.e., which activities
Scope to exclude from the assessment, timescales of impacts, allocation factors etc. X
These decisions lead to sources of model uncertainty.
Models may not be able to calculate spatially explicit midpoints or endpoints (this
Spatial variability may not be binary between non-spatial and spatial, but where spatial specificity
may vary substantially)
Technical Models may not be able to calculate environmental midpoints, in addition to
granularity endpoints, or disaggregate different pressures, which limits interpretation.
Linear The use of conversion factors often assumes a linear relationship between activity
. . levels and midpoints. However, this may not always be the case, introducing
relationships .
model uncertainty.
Underlying data There will be uncertainty in the data underlying the conservation factors (e.g.,
uncertainty information reliability).
L Limited data
.Uncertalntles underlying Data gaps and biases in underlying data.
i conversion factors
Conversion
Factors Matching Matching of company data to different activity categories in the LCA dataset. X
Activity level The relevance of the data when applied to different company activities to
variation estimate midpoints.

Spatial variability

The relevance of the data underlying the conversion when applied to different
spatial contexts.
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Temporal
variability

The relevance of the data underlying the conversion when applied to different
temporal contexts.

Process-based or
Input-Output
based models.

If spend data is used, this can introduce additional uncertainty associated with
how spend translates to amounts of activity.

Choice of Choice of Which biodiversity metric used will influence the output of the model (often due
Endpoint biodiversity metric | to a combination of the above uncertainties). X
Components of Data underlying the biodiversity model - what components of biodiversity are
biodiversity & included e.g. genetic, species, ecosystem - and what pressures (if included) are
pressures included | mapped.
L Biases and measurement errors in the underlying biodiversity dataset towards
Geographic biases . .
different geographies.
Underlying . Biases and measurement errors in the underlying dataset towards different
datasets Taxonomic biases .
taxonomic groups.
Measurement Data underlying the biodiversity model - error in measurement of data underlying
error the metric such as the relationship between pressures and extinction risk.
Stochasticity in Stochasticity in biodiversity impact (e.g., impacts of predicted population
impact reduction on extinction risk).
Under specificity Defining the results of LCA as a 'biodiversity' score without adequate context or
X in communication explanation leading to uncertainty in interpretation of the output.
Interpreting
Ambiguity and . . - .
SIS vaguegnes\g in Confusion as to what the outputs of LCA models regarding biodiversity scores
. represent.
understanding P
Different
. assessments of .
Assessing adequacy dueto Subjective judgements about whether the model parameters are deemed
adequacy of . oy adequate to provide a measure of biodiversity impact (e.g., impact pathways X
different values . o . L .
outputs dreetlan included, activities excluded etc.) due to different values placed upon biodiversity.
biodiversity
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837 Worked Example 1: Expanded methods and results

838  Aim: This example was developed to explore the decision context of an individual company assessing
839  the biodiversity impacts of a single product in order to prioritise actions to address biodiversity
840  impacts. The goal was to highlight how the use of different midpoint and endpoint models can result
841 in both different absolute estimates of biodiversity impact, and variation in how those impacts are

842  distributed across different ingredients and impact pathways.

843 Methods: For this case study, the biodiversity impact of a hypothetical chocolate cake product was
844  estimated. First a simple assumption was made about the cake inventory (ingredients and activities

845 involved in the baking):

Inventory Quantity

Butter 100g

Eggs 3 eggs
Chocolate 200g

Flour 100g

Sugar 100g

Process (i.e. baking) 1kWh electricity

846

847  Then using four different LCA databases, we estimated the midpoint pressures of these different

848  ingredients (see Figure below). The four LCA databases are detailed below.

849 (i) Free “ready to use” Agribalyse generic chocolate cake impact data (Asselin-Balencon et
850 al., 2022);

851 (ii) Agribalyse data adapted for the specific ingredient quantities of the model cake;

852 (iii) Access via a paid licence to ecoinvent, one of the world’s leading databases of up-to-date
853 Life Cycle Inventory (LCI) data, and the World Food LCA Database;

854 (iv) Free data from Poore & Nemecek (2018) which aggregated ~38,000 LCA farm studies,
855 again matching for all cake ingredients.
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We then calculated endpoint biodiversity impacts using each of these pressure estimates, using

two different LCIA frameworks — LC-IMPACT and ReCiPe. This allowed us to investigate eight

different scenarios of biodiversity impact (see Box 1 in the main manuscript).

Data Inputs

Cake Inventory
Different ingredients

and activities

Convert Inputs
to Midpoints

Use 4 different LCA studies to
estimate midpoints:

Convert Midpoints
to Endpoints

8 different estimates of
the biodiversity footprint

Endpoint
Biodiversity Impacts

BUTIER Butter (100g) LC-IMPACT PDF.year
-r Agribalyse =
Generic Chocolate Cake S ReCiPe species.year
b Eggs (3 eggs) 1
Agribalyse LC-IMPACT PDF.year b ot ¢
‘ s,  Chocolate (200g) Adjusted for correct - ) S
ingredients ReCiPe species.year
R Flour (100 _ PDF
- (100g) Ecoinvent & World EEINERET] vear
Food LCA Database ) ReCiPe — " species.year
Sugar (100g) H
—

PDF.year

{

Poore & Nemececk == ‘ ECIMRAC -
(2018) 2

Baking Pi
aking Process ReCiPe

(1kWh electricity)

Iy

species.year

F

Variations (i) — (iii) for the midpoint calculations were assessed via the implementation of the LCA
databases and LCIA frameworks in software SimaPro 9.6.0.1, whereas the impacts for (iv) were
calculated by applying LCA conversion factors manually in Excel. Full details of the specific software

versions, inventories, datasets and assumptions can be found in Supplementary Material Dataset 1.

Results and Discussion — The top row plots of Figure 2 (see main manuscript) highlight differences in
the total footprint when using different LCA databases, with Agribalyse results estimating the smallest
footprint, followed by ecoinvent, and Poore & Nemececk (2018) with the largest. This is due to
different epistemic uncertainties, with Poore & Nemececk (2018) aggregating a much larger diversity
of geographic locations and production methods. Indeed, the LCA studies underlying Agribalyse and
ecoinvent form part of the overall Poore & Nemececk (2018) dataset. Including more countries from
a wider range of farms, means Poore & Nemececk (2018) capture more impactful processes and
geographies, resulting in larger estimates of potential impacts for each ingredient. It is also notable

that compared to differences between LCA methods, there is very little difference between the two
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Agribalyse analyses, indicating different LCA database choices have a larger impact on the range on

the impact estimates than the slight adjustments made to ingredient quantities.

The top row plots of Figure 2 also highlight that the relative contribution of different environmental
pathways is different between the two LCIA models. This difference is due to epistemic uncertainties
in these models; land use dominating in ReCiPe, and land use, climate change and water use in LC-
IMPACT. This has implications for target setting, where under ReCiPe, organisations might prioritise a
land-based target, whereas the LC-IMPACT results could motivate a more diverse portfolio of targets.
This would also concretely affect the magnitude of any science-based target for land if these results
were used to evidence a biodiversity strategy, e.g. undertaking restoration or offsetting activities

proportional to the scale of the footprint attributable to land conversion.

The bottom row plots in Figure 2 highlight that the relative contribution of different ingredients
between the different methods is also different between all 8 estimates. Chocolate dominates in most
methods, suggesting it may be one of the most impactful ingredients. However, when using Ecoinvent
LCAs to estimate mid-point pressures butter is estimated to be as impactful, if not slightly more,
impactful than chocolate. This has implications for where an organisation might choose to focus
efforts for avoidance and mitigation action, and highlights the unreliability of LCA methods for
comparing different activities, services, and goods in the absence of a robust understanding of the

uncertainty.

There are many epistemic uncertainties in the different midpoint environmental pathways available
in the different methods. For example, in LC-IMPACT the endpoint results for ecotoxicity are in
PDF.m3.d, not PDF.year, so are not comparable and were excluded. (Conversion to PDF.year is
possible but involves further data manipulation we felt was beyond the scope of most analysts).
Indeed, the combination of many different types of uncertainty across this process has resulted in the

absolute magnitude of estimated impacts being different for all four underlying LCA databases.
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The units on the two plots exemplify the challenge of linguistic uncertainties in communicating LCA
biodiversity footprints, with both the PDF and species.year results being very small numbers that are

challenging to conceptualise.

In a first iteration of this analysis, the implementation of Agribalyse in combination with LC-IMPACT in
the SimaPro LCA software was erroneously generating negative land impacts. This has now been
updated in the SimaPro software but highlights the potential for errors in implementation, some of
which may not be picked up by LCA practitioners — particularly if results are not obviously different

from that expected.

The manual implementation in Excel highlighted many sources of potential uncertainty. For example,
the midpoint water impacts of Poore & Nemecek (2018) represent blue water withdrawal, which had
to be converted into water consumption using an estimated withdrawal-to-consumption ratio for an
agricultural context. Allocation factors had to be used to derive butter impacts from milk, which

involves large assumptions and can be implemented in multiple ways (Rice et al., 2017).

Estimates of the impacts of energy use in baking the cake were incorporated in the SimaPro
implementation, but not when calculating manually, highlighting uncertainty in choice of activity
scope. The impacts of cake packaging, distribution, and end of life are not modelled at all in any

methods.

Overall, this case study highlights the epistemic model uncertainty in biodiversity footprinting, with all
8 methodological combinations generating both different absolute biodiversity impact values, and
different distribution of impacts across environmental pathways and cake ingredients. This serves to
emphasise that LCA-alone cannot be used to justify decisions around target setting. However,
agreement across most models that chocolate is responsible for the largest proportion of impacts,
most likely via land use and climate change impact pathways, could be used to justify a prioritisation
of further investigation into chocolate sourcing, supplementing these results with more spatially-

specific biodiversity monitoring and screening in the specific geographies and processes involved.
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Worked Example 2: Expanded methods and results

Aim: This example was originally developed to assess the biodiversity impacts of UK household
expenditure using 10-based models combined with ReCiPe to calculate the biodiversity impact of
households in different income brackets. This highlighted several sources of linguistic and human
decision uncertainty in the LCA process that made it extremely challenging to account for all areas of

expenditure.

Methods: We first obtained data from the UK'’s Living Costs and Food Survey (Office for National
Statistics, 2022) on average weekly household expenditure on a variety of product and service
categories. Data was downloaded for the financial year ending 2022. To estimate the biodiversity
impact of UK household expenditure we used EXIOBASE Version 3.8.2 (Stadler et al., 2018) to convert
these expenditures to mid-point pressures. End point impacts (species.year) were then calculated
using ReCiPe (M. A. J. Huijbregts et al., 2017). To utilise EXIOBASE’s environmental impact multipliers,
we then attempted to make appropriate matches between each expenditure category in the Living

Costs and Food Survey and an EXIOBASE category.

Results and Discussion: In the matching process, certain expenditure categories had clear EXIOBASE
matches. For example, household expenditure on the category “fresh fruit” could be clearly matched
to the EXIOBASE category “vegetables, fruits and nuts”. However, for other expenditure categories,

the matching to EXIOBASE presented linguistic and subsequently human decision uncertainty.

Linguistic uncertainty here arises through use of broad terminology, vagueness, and ambiguity in
labelling of expenditure data. The survey data provided insufficient detail to determine precisely
which products and services are captured within the expenditure category, and therefore which match
in EXIOBASE is appropriate. One example is that of expenditure on “Coffee”, where broad terminology
obscures underlying variation in the products included within this category. Various “coffee” products
have different EXIOBASE matches: coffee drinks are reflected by EXIOBASE category “Beverages”;

roasted coffee and coffee substitutes match to “Food products”, and unroasted coffee matches to
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“Crops”. Matching this expenditure data to different EXIOBASE categories would lead to very different
assessments of biodiversity impact, as is clearly shown in the Figure in Box 2. Similarly, multiple
services are aggregated within a single category in expenditure on “Other services and professional
fees”, each with a distinct EXIOBASE match. The broad terminology used for this category prevents
disaggregation. For expenditure on “Petrol, diesel and other motor oils”, various fuel types may be

included within this expenditure, each matching to different EXIOBASE categories.

Linguistic uncertainty resulting from a lack of specificity or broad terminology subsequently introduces
decision-based uncertainty: a subjective decision is required in determining the most appropriate
EXIOBASE match. A decision may be made to use a single broad EXIOBASE category as a proxy for the
entire expenditure category. For example, expenditure on “Petrol, diesel and other motor oils”, could
be classified by the broad category of “Non-specific petroleum products”. This, however, may fail to
capture the true impacts of products included within the expenditure category. Alternatively, the
decision may be made to split the expenditure equally between all potential EXIOBASE matches, when
the products within a category are known, but absolute expenditure on each is not. This may however
lead to overrepresentation of products comprising only a small true proportion of the total
expenditure category. For example, the impacts of uncommonly used fuel types may be
overrepresented using such an approach for expenditure on “Petrol, diesel and other motor oils”. A
third decision could be taken to seek a supplementary source of information to estimate the
proportional expenditure on each product, such as, by using alternative datasets to estimate average

expenditure on petrol compared to diesel.

Uncertainty also arises in certain expenditure categories where there is limited understanding of how
the impacts of products or services reflected by the category could be traced down the value chain.
Expenditure on “Savings and investments”, for example, could conceptually be reflected by various
EXIOBASE matches: depending on the products, services, or sectors into which the monetary

investments are made. Consequently, the appropriate EXIOBASE match which would accurately
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reflect impacts of expenditure on “Savings and investments” may vary. This unknown variation and
non-specific labelling of categories, leads to difficulty in determining an appropriate matching
category, and high levels of uncertainty in endpoint calculations. The same is true of categorisation
within the EXIOBASE model. The impact of a ‘saving, investment, pension or mortgage payments’ on
biodiversity will be drastically different depending on where that money is invested, in what sectors,
and in what locality. But such information is not provided when using generic categories in broad

input-output models.

In Box 2, we illustrate the consequences of these uncertainties on biodiversity impact calculations. For
“Coffee”, the endpoint biodiversity impact calculated is a factor of 1.3 greater when expenditure is
matched entirely to “Food products”, and 1.2 times greater matched to “Beverages” than when this
expenditure is matched to “Crops”. Even greater variability in endpoint impacts resulting from
linguistic and preference uncertainty is observed for expenditure on “Other services and professional
fees”. Endpoints calculated from the average UK household’s expenditure on this category differ by
up to a factor of 2.7: the difference when expenditure is classified as “Membership organisation
services” compared to “Public administration and defence services”. Most notably, differences in the
choices of EXIOBASE match for expenditure category “Petrol, diesel, and other motor oils” result in
endpoints differing by up to a factor of 110: the difference resulting from classification of expenditure

as “Non specified petroleum products” compared to “Motor gasoline”.
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