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1 EXECUTIVE SUMMARY

Deliverable 3.5 ‘Updated LCA and EEMRIO data (A)’ is the first output of Task 3.3 ‘Impact of
Material/Product Value Chains’ (M0O1-M25) led by ETH. The overall objective of this task is to
enhance versions of state-of-the-art Environmentally Extended Multi-Regional Input-Output
(EEMRIQO) and Life Cycle Assessment (LCA) databases for the key sectors of interest in climate
change and impacts on biodiversity to improve process-based assessment’s supply chain
information.

In particular, the aim of this deliverable is to describe the first version of the LCA and EEMRIO
datasets that will be used within the BIOTRAILS project in order to model the environmental
impacts along supply chains across the four case studies. Multi-regional input-output analysis
(MRIOA) provides a comprehensive framework for quantifying the interdependencies and linkages
between sectors in an economy. It allows for the assessment of both upstream and downstream
supply chain relationships, offering valuable insights into the environmental impacts of various
industries, including their role in resource use, biodiversity 1oss, and emissions. MRIO analysis can
reveal the intricate web of economic connections that underlie the investigated industries, aiding
in informed decision-making and policy formulation. Furthermore, LCA can be used to analyse
process details and therefore provide more specific results on environmental performance of
activities within a sector (e.g. distinguishing aquaculture types as well as different wild catch
fisheries). MRIO databases can be coupled with LCA data to improve process-based assessment’s
supply chain information. Conversely, LCA data can help improve MRIO models with emission and
resource consumption data and impact assessment for key sectors. Building upon previous
research on integrating spatially explicit assessments in agricultural production, mining and power
production, key industries for sustainable development are covered in detail.

The deliverable starts with mapping the linkages with the rest of the project (Chapter 2). Chapter 3
outlines the case studies conducted and introduces the role and functioning of LCA and EEMRIO
databases. Data sources are discussed and methods for supply chain tracing, environmental
assessment, and biodiversity loss assessment are explained in detail. The chapter concludes by
highlighting the limitations of the study. Chapter 4 provides a detailed description of the databases
used for three case studies: cocoa produced in Peru, fishery and aquaculture products supplied by
Greece, and gold mined in Ghana. Each section within this chapter offers key insights into the
environmental and supply chain aspects of the respective products and regions. The chapter also
addresses the availability of the code used in the study, providing readers with access to the
computational tools and methods employed in the research. Chapter 5 concludes by summarising
the core limitations of this initial version. It also provides an outlook on upcoming activities for the
rest of the project and the development of the final dataset.

The LCA and EEMRIO data will be used in BIOTRAILS to identify impact hotspots in current supply
chains and inform the systems dynamic models. D3.5 ‘Updated LCA and EEMRIO data (A)’ is the
initial version of the deliverable. D3.6 ‘Updated LCA and EEMRIO data (B)’ will provide the final
version (due M25). This will contain an update of the analyses drawing on additional data sources.
Moreover, insights form prospective LCA studies, scenarios assessments and the systems dynamic
model initial results (Task 3.5) will be integrated to enhance EEMRIO and LCA data for future
assessments.
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2 INTRODUCTION

This section presents the BIOTRAILS’ s Grant Agreement (GA) commitments, as extracted from the
formal deliverable and task description, in respect to their outputs and work to be carried out.

Table 1: Adherence to BIOTRAILS’s GA Deliverable & Task Descriptions.

BIOTRAILS GA
Component
Title

BIOTRAILS GA
Component Outline

DELIVERABLE

D3.5 Updated LCA and EEMRIO data (A)

Respective

Document
Chapter(s)

Justification

This deliverable refers to task 3.3. The initial version (A) describes the results of the EEMRIO and LCA data
coupling to improve process-based assessment’s supply chain information using EEMRIO and to enhance
the EEMRIO with emission and resource consumption data and impact assessment using LCA data for key

sectors.

T3.3 Impact of
Material/Product
Value Chains

Funded by
the European Union

TASK
Task 3.3 will provide enhanced
versions of state-of-the-art
EEMRIO and LCA databases for the
key sectors of interest in climate
change and impacts on
biodiversity and ecosystem
services. Building upon previous
research on integrating spatially
explicit assessmentsin
agricultural production, mining
and power production, key
industries for sustainable
development in detail will be
covered. Additionally, EEMRIO and
LCA data will be coupled to
improve process-based
assessment’s supply chain
information using EEMRIO and to
enhance the EEMRIO with
emission and resource
consumption data and impact
assessment using LCA data for key
sectors. This will be used to
identify impact hotspots in current
supply chains and to inform the
systems dynamic models. In the
second part of the task, insights
form prospective LCA studies,
scenarios assessments and the
systems dynamic modelinitial
results (Task 3.5) will be integrated
to enhance EEMRIO and LCA data
for future assessments. These final
databases will be used to assess
the case studies and to update the
systems dynamic models.

Project funded by

Chapters 3, 4

Chapter 3 describes the
steps or procedures
used in producing the
data, including full
descriptions of the data
sources and any
computational
processing.

Chapter 4 is used to
explain the variables,
coverage, and
classification of the data
deliverable. It also
provides links to codes
that can be used to
reproduce and further
process the data.

Detailed descriptions of
the codes are available
inan Annex.
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Deliverable 3.5 consists of five (5) chapters, along with literature references (chapter 6) and an
Appendix.

Chapter 1is the executive summary of the document.
Chapter 2 outlines the interlinks with the rest of the Project as outlined in the Grant Agreement.

Chapter 3 describes any steps or procedures used in producing the data, including full descriptions
of the data sources, methods, and any computational processing.

Chapter 4 is used to explain the variables, coverage, and classification of the data deliverable for
each of the addressed case study sectors. It also provides links to codes that can be used to
reproduce and further process the data.

Chapter 5 summarises the core conclusions of the deliverable.
The Appendix provides detailed explanations of the R scripts used for the analyses.

This deliverable corresponds to Task 3.3 ‘Impact of Material/Product Value Chains’ of the project. It
is the first version of the database that will be delivered in D3.6 Updated LCA and EEMRIO data (B)
in Month 25 of the project. These will feed into Task 3.5 in which the System Dynamics Models will
be developed and help define together with the outcomes of the rest of the models, the leverage
points for transformative change for biodiversity. This work is also linked to Work Package (WP) 5,
which ensures that all model outputs are relevant for the case studies.

Project funded by
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3 METHODS

This chapter outlines the methods and procedures employed in conducting the supply chain
assessment and subsequent environmental evaluation for the case study sectors. The study
employs environmentally extended multi-regional input-output (EEMRIO) databases, namely
FABIO and EXIOBASE, to trace supply chains. Furthermore, environmental data on land and water
use, greenhouse gas (GHG) emissions, NOx, SOx, particulate matter and heavy metal emissions,
land-use change (LUC), biodiversity loss, and fertilizer application are integrated into the analysis
foranin-depth environmental assessment. The MRIO analysis is complemented by LCA datasets to
enhance the level of detail in the foreground processes.

The four project case studies focus on the following value chains of materials and products:

o Cocoa producedin Peru,
o Fishery and aquaculture products supplied by the Mediterranean basin,
o Gold mined in Ghana,

o Forest-based cultural products created by indigenous communities in the Brazilian
Amazon.

For each case study Task 3.3 provides analyses of up- and downstream supply chains, resource
inputs and environmental impacts. This deliverable describes the first version (A) of an updated
LCA and EEMRIO database, which will be revised and amended during the second year of the
BIOTRAILS project. It focuses on the first three case studies. For an assessment of forest-based
cultural products created by indigenous communities in the Brazilian Amazon, data need to be
collected from producers and distributers of these products. These will be available for version B
of the database.

The overall objective of Task 3.3 is to enhance versions of state-of-the-art EEMRIO and LCA
databases for the analysis of climate change and biodiversity impacts and the assessment of the
supply chains of the case study sectors. Forthis purpose, we further develop and integrate available
LCA and EEMRIO databases.

3.2.1 WHATIS AN LCA?

LCA stands for Life Cycle Assessment. It is a systematic and comprehensive methodology used to
evaluate the environmental impacts associated with a product, process, or service throughout its
entire life cycle [1]. The life cycle typically includes all stages, from the extraction of raw materials
and production to distribution, use, and disposal. Here are the key components and aspects of a
Life Cycle Assessment [2, 3]:

o Goal and Scope Definition: LCA begins with clearly defining the purpose and scope of the
assessment. This includes determining the specific objectives, boundaries, and the level of
detail required for the study.
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o Life Cycle Inventory (LCI): In this phase, data is collected on all inputs (e.g., raw materials,
energy, water) and outputs (e.g., emissions, waste) associated with the product or process
at each stage of its life cycle. This data is organised into a life cycle inventory database.

o Life Cycle Impact Assessment (LCIA): LCIA involves evaluating the potential environmental
impacts associated with the collected data. This assessment considers various impact
categories, such as global warming, acidification, eutrophication, resource depletion, etc.

o Interpretation: Interpretation involves analysing and understanding the LCA results. This
step is crucial for making informed decisions and identifying opportunities for
improvement. It may also involve sensitivity analysis and uncertainty assessment.

LCA is a valuable tool for assessing the environmental sustainability of products, processes, and
services. It helps organisations and policymakers make more informed decisions regarding
resource use, pollution prevention, and environmental impacts, ultimately contributing to more
sustainable practices and products. LCA can be applied to a wide range of contexts, from
evaluating the carbon footprint of a specific product to comparing the environmental performance
of different technologies, materials, or production methods. It is used in various industries,
including manufacturing, agriculture, construction, and energy production, to address
environmental concerns and improve resource efficiency.

3.2.2 WHAT IS A MRIO DATABASE?

In the realm of economic and environmental research, the quest to unravel the intricate
relationships between sectors and regions in our increasingly interconnected world has given rise
to a valuable analytical tool known as the Multi-Regional Input-Output (MRIO) database. MRIO
databases have become an indispensable resource for researchers, policymakers, and analysts
seeking to comprehend the complex web of global economic interactions, environmental impact,
and social dynamics.

At the heart of MRIO databases lies a wealth of data representing the economic activities of
multiple regions or countries. This comprehensive dataset dissects economic sectors or industries
within each region, encompassing vital information on production, consumption, and trade. [4]
These granular details provide the foundation for in-depth analyses of regional economic
structures. One of the distinguishing features of MRIO databases is their ability to trace the flow of
goods and services across regional borders. [5] These databases reveal how products are produced
in one region and subsequently utilised as inputs in another. This information is invaluable for
understanding the global supply chains and trade dynamics that underpin the modern world
economy. MRIO databases also allow researchers to trace supply chains for specific products. This
capability is essential for grasping how changes in the economic activities of one region can have
far-reaching consequences on other regions, leading to a domino effect within the intricate
network of global trade and production. In addition to economic data, many MRIO databases
incorporate environmental information, such as greenhouse gas emissions, resource consumption,
and pollutant output. [6] This inclusion empowers analysts to explore the environmental footprint
of economic activities, contributing to our understanding of sustainability challenges.

Figure 1shows a simplified example of an Input-Output table for a country with three sectors. Rows
represent the producing sectors; columns represent the purchasing sectors and the final demand.
The cell at the intersection of a row and column (e.g., Food - Restaurant) indicates the monetary
value of transactions (in million euros) from the producing sector to the purchasing sector. For
example, sector 3 (Restaurant) purchases goods and services worth 2 million euros from sector 2
(Energy) and 4 million euros from sector 1 (Food). The final demand column represents the
consumption of goods and services by households, government, or other entities in millions of
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euros. Total output of each sector, i.e. gross production output, is given in the very right column.
For environmental analyses, 10 tables are extended by environmental data. These so-called
environmental extensions (in red letters), which basically are row vectors, represent the
environmental impacts associated with the activities of each sector that are typically measured in
different units: CO2 emissions in tonnes, water use in cubic metres, and land use in hectares. In this
example, the food sector's activities generate 50 tonnes of carbon dioxide (CO2) emissions, and
use 50 cubic metres of water and 1500 hectares of land.

®m® QO P = ¥

Food Energy Restaurant D;E\::L d O-It—?tt;tljt
™| rood 1 0 4 5 10
0 Energy 2 1 2 4
‘D Restaurant 0 1 0 5
@ em?scs)izons 30 50 15
o Water use 50 10 5
)| Land use 1500 30 2

Figure I: Simplified example of an Input-Output table for a country with three sectors.

One of the most remarkable features of MRIO databases is their capacity to calculate multiplier
effects, i.e., the effect of an exogenous increase in demand on, for instance, national income,
production, labour, emissions, or land use. These databases offer insights into how changes in
demand for a specific product or sectorin one region reverberate across that region and its trading
partners, shaping production patterns and employment. MRIO databases are powerful tools that
empower researchers and policymakers to dissect the global economic landscape, disentangle
intricate trade relationships, and assess the environmental and social repercussions of economic
activities. These databases have become essential for understanding the multifaceted interplay of
regions and countries in our interconnected world, shaping our ability to make informed decisions
and formulate policies that address the challenges of our time.

This section explains the main data sources used in the analyses of the case studies. They include
MRIO databases (mainly for tracing up- and downstream supply chains), a range of environmental
data for the sectors and products investigated, and life cycle assessment databases (to assess
technological or regional details of the foreground processes).

3.3.1 MULTI-REGIONAL INPUT-OUTPUT DATABASES

3.3.1.1 FABIO Database

The Food and Agriculture Biomass Input-Output (FABIO) database [7, 8] is a comprehensive
database that contains detailed information on the agricultural sector and its interconnections
with the rest of the economy, making it well-suited for evaluating agricultural supply chains. Data
from FABIO provided insights into the various stages of cocoa production, processing, and
distribution, including the associated economic activities. FABIO comprises environmental data on
land and water use, GHG emissions, LUC emissions, and fertilizer application (N and P). It was
utilised to trace the supply chain of cocoa originating from Peru. The base year for the analysis was
2020, which is the latest available year in the FABIO database.
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3.3.1.2 EXIOBASE Database

EXIOBASE [9, 10] is a widely recognised multi-regional input-output database that encompasses a
wide range of economic sectors and regions. It allowed us to analyse the interconnectedness of
these sectors within their respective economies. We employed the EXIOBASE v3.6 database for the
case studies involving gold from Ghana and aquaculture/fisheries from Greece. EXIOBASE provided
data on supply chains related to gold extraction and fisheries, as well as additional insights into the
economic activities linked to these commodities. To assess the environmental impacts of the value
chains, EXIOBASE comprises a wide range of environmental extensions. The base year for the
analysis was 2016.

3.3.2 ENVIRONMENTAL DATA

3.3.2.1 Land and Water Use Data

To assess the ecological impacts of the supply chains, data on land and water use were collected.
Data sourced from [11] and [12] contained detailed information on land and water use patterns
associated with cocoa production in Peru. For the cases of gold extraction in Ghana and
aquaculture and fisheries in Greece, land and water use data were taken from EXIOBASE [9]. In the
next stage of the project, we will use highly resolved land use data for global mining activities from
[13]. Figure 2 shows the mining areas and ore production quantities of Ghana, which we will use in
Task 3.3 for a spatially explicit assessment of mining impacts on Ghana’s biodiversity.

3.3.2.2 Greenhouse Gas (GHG) Emissions Data

The evaluation of GHG emissions within the supply chains was a crucial aspect of the environmental

assessment. GHG emissions data were obtained from EXIOBASE [9, 10], which provides global data

on emissions of arange of greenhouse gases associated with various economic activities, including

agriculture, mining, and fisheries. The emissions data in EXIOBASE were derived applying the TNO

Emissions Assessment Model [14], which calculates emssions by combining activity data and
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emission factors, similar to the methodologies applied in national emission inventories. For the
case of cocoa cultivation, we additionally used data from [15], providing detailed national emission
accounts for 125 agricultural products and including all CO,, CH4and N.O emissions occurring from
land use and land use change, fuel use, synthetic fertilizers, and burning crop residues.

3.3.2.3 Land-Use Change (LUC) Data

LUC data were critical for understanding how land use patterns change due to the activities
associated with each case study. These data were sourced from [13] and [15], offering insights into
the impact of cocoa production, gold extraction, and fish harvesting on land-use change.

3.3.2.4 Fertilizer Application Data

For the case of cocoa productionin Peru, data on fertilizer application were gathered to assess their
environmental implications. These data were obtained from [16], which proviOdes information on
the types and quantities of fertilizers used in agriculture.

3.3.2.5 NOXx, SOx, Particulate Matter and Heavy Metal Emissions Data

Emissions of various stressors, including NOx, SOx, PM10, PM2.5, and the heavy metals As, Cd, Hg,
Pb and Se were sourced from EXIOBASE. The database covers emissions from 163 industries and
200 product groups in 44 countries and 5 continental Rest-of-World regions.

3.3.2.6 Biodiversity Loss Data

To assess the biodiversity impacts of the investigated supply chains, data on land use were
combined with biodiversity loss characterisation factors. For the case of gold extraction in Ghana
and aquaculture/fisheries in Greece, biodiversity loss data were sourced from [17, 18]. For cocoa,
different sources and methods were explored. First, we use characterisation factors from [19] which
contains detailed information on land use related loss of biodiversity of agricultural production,
including cocoa productionin Peru. Second, we apply the land use biodiversity impact assessment
approach recommended by the UNEP-SETAC Life Cycle Initiatives, which is specifically tailored to
assess the global species loss resulting from land occupation or conversion [3]. And finally, we
implement the Biodiversity Impact Metric (BIM) approach [20].

For the realisation of these methods, we draw on the following datasets:

o Global Cocoa Spatial Distribution: The CROPGRIDS dataset, which provides the global
spatial distribution of cocoa, is available for download at Figshare.

o Characterisation Factors: The UNEP-SETAC recommended approach characterisation
factors can be accessed through the UNEP Life Cycle Initiative website.

o Ecoregion Geography: Geographic details of ecoregions can be procured from the
publication "Terrestrial Ecoregions of the World" hosted on the World Wildlife Fund website.

o Country and Provincial Borders: Data for country borders, including the provincial borders
of Peru, can be sourced from Natural Earth Data.

o Country-Scale Cocoa Production and Cultivation Areas: Comprehensive data related to
cocoa production and cultivation areas at the country scale can be retrieved from FAOSTAT.

o Species Range Maps: Range maps for various species are accessible through the IUCN Red
List. Additionally, data concerning bird species can be obtained from Birdlife upon
reasonable request at Birdlife's Data Zone.
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3.3.3 LIFE CYCLE ASSESSMENT

3.3.3.1 Life Cycle Inventories

We use the LCI database ecoinvent v3.9.1 or v3.10 if available? to assess details of the foreground
processes on unit process level. The database contains 18°000 processes and several thousand
emissions and resource use. It is the most comprehensive LCl database with unit process data and
can be used to model the differences in the case studies. In order to assess future impacts, we will
utilise the PREMISE tool [21] to adjsut ecoinvent data for future scenarios.

3.3.3.2 Life Cycle Impact Assessment

We apply the spatially explicit LC-IMPACT method? to assess the foreground system in detail.
Additionally, we analyse methods currently under development for the UNEP Life Cycle Initiative,
which should become available in 2024. This will allow to better assess biodiversity imapcts of
multiple stressors and is buildin upon the biodiversity impact assessment from land use in LC-
IMPACT [22]. In Task 3.3, we also assess the biodiversity impacts with a new method using a high
spatial resolution. This deliverable presents results for the case of Peruvian cocoa bean production
(see chapters 3.4.3 and 4.1). Further results will be presented in D3.6 ‘Updated LCA and EEMRIO data

(B

3.4.1 SUPPLY CHAIN TRACING

The value chains for cocoa, gold, and aquaculture/fisheries were traced using the multi-regional
input-output databases, FABIO and EXIOBASE. The process involved identifying the relevant
sectors and regions associated with each case study and analysing the economic and/or physical
flows between them. This tracing allowed us to quantify the economic contributions and
dependencies along the supply chains.

Multi-regional input-output analysis (MRIO) is a powerful method for assessing the
interdependencies and linkages between various sectors of an economy, both upstream and
downstream, while considering regional variations. In the context of the three case study
industries—gold mining, fisheries, and cocoa production—MRIO can provide insights into how
these industries are interconnected with other sectors, both within their regions and across
regions. To understand this, let’s delve into MRIO and its application in assessing supply chain
linkages.

3.4.1.1 Mathematical Representation

In MRIO analysis, the economy is typically represented as a matrix, known as the Leontief inverse
matrix (often denoted as L), which describes the direct and indirect inputs required by each sector
to produce one unit of its output [23]. The matrix L is square, with dimensions equal to the number
of sectors in the economy.

Suppose we have a vector y of final demand, where each element represents the final demand for a
specific sector's output. The direct impact of this final demand on each sector's output can be
calculated using the following equation:

f=L*y

2 https://ecoinvent.org/the-ecoinvent-database/.
3 https://lc-impact.eu/.
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Here, fis a vector that represents the total output of each sector, and y is the final demand vector.

3.4.1.2 Upstream Linkages (Supply Chain Analysis)

Direct Requirements
To assess the upstream linkages or direct requirements of a specific sector within the supply chain,
we examine the column of the Leontief inverse matrix corresponding to that sector. Let's call this
column L_i, where "i" represents the sector of interest. L_i will contain the coefficients indicating
how much of each sector's output is directly required to produce one unit of the sector "i". These
coefficients reflect the direct input-output relationships within the economy.

Indirect Requirements
In addition to the direct requirements, MRIO allows us to assess the indirect requirements, which
capture the ripple effects of demand changes in one sector throughout the entire economy. The
total requirements vector for the sector "i" can be calculated using the following equation:

Ti=Li+Li*L

Here, T_i represents the total requirements for sector "i" when considering both direct and indirect
linkages.

3.4.1.3 Applicationin Assessing Supply Chain Linkages

In the context of the case study industries (gold mining, aquaculture/fisheries, and cocoa
production), MRIO analysis can quantify the direct and indirect requirements of each industry,
shedding light on which sectors are major suppliers of inputs. For example, in gold mining, this
analysis might reveal that the industry heavily relies on sectors like machinery manufacturing,
energy production, and chemical manufacturing. Furthermore, MRIO analysis is used here to trace
downstream supply chains, thereby identifying consumers of the products produced by the case
study industries. In the second year of the project, Task 3.3 will use MRIO databases also to improve
process-based assessment’s supply chain information.

3.4.2 ENVIRONMENTAL ASSESSMENT

In this project, we conduct environmental assessments both at the national and sectoral level, as
well as at the specific product and case level. The former relies on EE-MRIO analysis, while more
detailed analyses are made using life cycle assessments or a combination of both. In the first year
of the project, we focused on EE-MRIO analysis, while in the following period we will investigate in
detail different modes of production using LCA.

3.4.2.1 EE-MRIO calculations

The assessment of land and water use involved processing the collected data to calculate the land
area and water resources required at each stage of the supply chain for each case study. This was
achieved through a combination of data aggregation, mapping, and spatial analysis.

To evaluate GHG, NOx, SOx, PM10, PM2.5, and the heavy metals emissions, emissions factors were
applied to the economic activities identified within the supply chains. These calculations were
performed at a regional level to capture variations in emissions intensity across regions.

The LUC assessment entailed comparing land-use data before and after the initiation of the supply
chain activities. Changes in land use were quantified and attributed to the specific stages of each
supply chain.

For the cocoa supply chain in Peru, fertilizer application data were processed to estimate the total
amount of fertilizers used. This information was then integrated into the environmental assessment
to evaluate the impact of fertilizer application on land and water resources.
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3.4.2.2 LCA calculations

We will use Activity Browser [24] to model the LCA datasets and the PREMISE toolbox [21] to assess
future changes. The Activity Browser is a user-friendly interface for the Brightway open-source
software package for LCA. It streamlines common tasks in LCA such as inventory modeling,
database management, and result analysis, making them easier and more intuitive. PREMISE is a tool
that supports the generation of prospective inventory databases for prospective LCA by
integrating scenarios generated by Integrated Assessment Models (IAM). The tools are open-
source, and the data will be reported as text files (inventory data). Furthermore, we will analyse the
environemntal impacts using LCIA methods.

3.4.3 BIODIVERSITY LOSS ASSESSMENT

3.4.3.1 Cocoa cultivation

To assess the biodiversity impacts of cocoa cultivation in Peru, we used three different
methodologies.

First, we used characterisation factors (CFs) from [19] which describe the potential biodiversity loss
per km?landuse. To assess the biodiversity impact, these characterisation factors are applied to the
landuse in cocoa production. Secondly, we used the land use biodiversity impact assessment
approach recommended by the UNEP-SETAC Life Cycle Initiative, which is specifically tailored to
assess the global species loss resulting from land occupation or conversion [3]. This methodology
allowed us to compare Peru's biodiversity impacts to other global cocoa cultivation regions,
providing a holistic understanding of Peru's relative position. However, while the UNEP-SETAC
recommended approach provides a macroscopic view at the ecoregion level, it tends to
oversimplify biodiversity within that scale. To address this, we have incorporated the Biodiversity
Impact Metric (BIM) approach [20]. The BIM approach dives into high spatial detail, assessing at the
grid cell scale and highlighting specific areas in Peru's cocoa cultivation regions that are rich in
endemic, threatened species. BIM assessment is critical for developing targeted conservation
plans and shaping policies to reduce the negative impacts of cocoa farming on Peru's biodiversity.

UNEP-SETAC recommended approach

To determine the global species loss caused by worldwide cocoa cultivation, we multiplied the
UNEP-SETAC CF for permanent cropland occupation with spatially explicit cocoa maps obtained
from CROPGRIDS with a resolution of 0.05° [25]. These UNEP-SETAC CFs enable us to project
potential global extinctions resulting from unit areas of land use. The foundation for these CFs is
the countryside species-area relationship (c-SAR), which accounts for the regional species decline
across 804 terrestrial ecoregions [26]. To determine global species loss, the regional species loss
was factored with a vulnerability score (VS), considering species' geographical spread and threat
levels from the IUCN Red List [27]. Ecoregions are classified based on factors like biodiversity,
habitat variation, and ecological characteristics, grouping areas with biological similarities [28].
With this in mind, when calculating the global biodiversity loss attributed to cocoa cultivation, we
assume the same CF values for all grid cells within a given ecoregion, an assumption shared by
various studies [29, 30]. Consequently, local cocoa cultivation potentially triggers global species
extinctions that are quantified. The metric used in this approachis the global potential disappeared
fraction (Global PDF), which indicates the endemic species richness threatened by cocoa
cultivation.

In the absence of time series data on the grid cell scale spatial distribution of global cocoa
cultivation, we assumed that the biodiversity impact of cocoa cultivation per unit area within each
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country was uniform. We calculated average CFs for each country and then multiplied these CFs by
the cocoa cultivation area reported by FAOSTAT [11] for the period 2010-2020. This allowed us to
analyse temporal trends in the biodiversity impacts of cocoa cultivation. In addition, we combined
cocoa production data reported by FAOSTAT for each country to quantify biodiversity impacts per
ton of cocoa produced over time. This approach allows us to examine the influence of trends in land
use efficiency (cocoa yield) on biodiversity loss in each country. Using the methodology described
above, we conducted an analysis of the global cocoa cultivation regions, their biodiversity impacts,
and recent trends. A flowchart presents the steps of the assessmentin Figure 3.

CROPGRIDS Characterization Factors ©
Harvested Area 9 * Global PDF / ha
* ha

Downscale

Global biodiversity impact 9 Characterization Factors 9
* Global PDF * @Global PDF / ha

Country Biodiversity Impact © Cocoa Cultivation Area ©
* Global PDF * FAO (2010-2020) ha

Average

Biodiversity Impact Time
Series ©
« Global PDF

Characterization Factors °©
* Global PDF / ha

Biodiversity Impact Per Ton
Cocoa Produced Time Series °©
» Global PDF /ton

Cocoa Production ©
* FAO (2010-2020) ton

e Ecoregion Cocoa cultivation
¢ Country Biodiversity assessment
g Grid cell

Figure 3: Steps of the biodiversity assessment based on the UNEP-SETAC recommended approach.

BIM approach
Given the assumption of homogenisation at the ecoregional scale in the UNEP-SETAC
recommended approach, it becomes challenging to adequately represent the variation in
biodiversity impacts resulting from cocoa cultivation in different regions, especially in a relatively
small country like Peru. Therefore, we introduced the BIM approach to identify biodiversity impact
hotspots within Peru.

The BIM is calculated through a straightforward multiplication of three variables:
o theland area needed for the production of the commodity;
o the proportion of biodiversity lost when the land is transformed to produce the commodity;
and
o therelative importance of that biodiversity.

The output is measured in 'weighted hectares,' which signifies hectares adjusted for biodiversity
impact [20]. Furthermore, the result can be normalised by dividing it by the total quantity of goods
purchased, offering an indicator of impact per unit sourced.
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In the case of Peru, we determined the spatial extent of cocoa cultivation on a 0.05° grid cell scale
using CROPGRIDS [25]. The proportion of biodiversity loss on cocoa cultivation land was set at
0.75, in alignment with recommendations from the BIM report [20] for lightly used plantation
forests.

To indicate spatial explicit relative biodiversity importance in Peru, we employed the Rarity Index
(RI). Calculating the Rl for all terrestrial grid cells in Peru involved two key steps:

1. Aggregated Rarity-Weighted Richness (RWR): The RWR for each species represents the ratio
ofits habitat area within a specific grid cell to its global habitat area. We computed RWR values
at a spatial resolution of 0.01° for all terrestrial species within Peru of four fully assessed taxa
(485 mammals, 418 reptiles, 6023 amphibians, and 1815 birds) listed in the IUCN Red List of
Threatened Species [27]. Range maps from the IUCN Red List 2022-25 and Birdlife 2022 [31]
were utilized, while Global Multi-Resolution Terrain Elevation Data 2010 (GMTED2010) [32]
helped filter the appropriate elevation range for each species. The aggregated RWR values for
each species were summed to derive the RWR for each grid cell.

2. Transformation to RI: To address the bimodal and right-skewed distribution of aggregated
RWR values, we transformed them into the RI. Following the approach of the BIM report [20],
we first applied a logarithmic transformation to mitigate skewness. Subsequently, we
standardised the scores by dividing them by the mean, resulting in a score of 1 for grid cells
with average aggregated RWR. Coefficients less than 1 indicate below-average biodiversity
importance, while coefficients greater than 1 denote above-average importance. Lastly, we
ensured that the RI did not fall below 0.05 to prevent negative or zero values, considering the
inherent imperfections in the data related to a small taxonomic subset.

Finally, we calculated and analysed the BIM distribution of Peru by multiplying the cocoa cultivation
area, the proportion of biodiversity loss, and the RI. The Rl was resampled to 0.05° to maintain
consistency with the cocoa cultivation map. Biodiversity impacts hotspots within Peru were
identified.

3.4.3.2 Gold Production and Fish Harvest

To assess the biodiversity impact along the supply chains of gold mining and aquaculture/fisheries,
characterisation factors that describe the potential biodiversity loss per km?landuse are applied to
the economic activities identified within the supply chains. These calculations are performed at a
regional level and for different land uses and land use intensities to capture variations in impact
intensity across regions and land uses.

While the methods described above provided a comprehensive framework for assessing the supply
chains and their environmental impacts, it is essential to acknowledge certain limitations:

o Data Availability: The accuracy and reliability of the analysis depend on the quality and
availability of data from various sources. Data gaps or inconsistencies may affect the
results. This is particularly the case for MRIO data, which are often highly aggregate and do
not allow to derive reliable insights.

o Scope: The assessment focuses on specific environmental aspects (e.g., land use, GHG
emissions) and may not encompass the full spectrum of environmental impacts associated
with the supply chains (e.qg. fish stock depletion).
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o Assumptions: The analysis involves certain assumptions, particularly in data processing,
biodiversity impact and emissions calculations, which may introduce uncertainties.
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4 DATABASE DESCRIPTION

Chapter 4 explains the variables, coverage, and classification of the data deliverable. It is divided
into one subsection per case study.

4.1.1 COCOA SUPPLY CHAINS

Supply chains of cocoa products are not well depicted in the currently available MRIO databases.
Table 2 shows numbers on where cocoa from Peru was consumed in 2020 derived with EXIOBASE,
which uses rather product resolution which can be considered rather poor for the tracking of cocoa
product flows. Thus, the uncertainty of the results is high. A new refined MRIO model is under
development and will be used for a more detailed assessment of cocoa supply chains in the second
year of the BIOTRAILS project.

Table 2: Final consumption of cocoa from Peru, 2020.

Country Value (tonnes) Share
RoW America 60,183 56%
United States 18,032 17%
Germany 3,549 3%
RoW Middle East 2,207 2%
Japan 2,183 2%
China 2,144 2%
Canada 1,843 2%
RoW Asia and Pacific 1,574 1%
United Kingdom 1,336 1%
Russian Federation 1,199 1%
Italy 1,161 1%
France 1,155 1%
Brazil 1,106 1%
Spain 1,038 1%
Mexico 1,017 1%
South Korea 983 1%
Netherlands 922 1%
Belgium 852 1%
Switzerland 819 1%
Others 4,617 4%

4.1.2 ENVIRONMENTAL STRESSORS OF COCOA CULTIVATION

Table 3 summarises some environmental information for cocoa bean cultivation in Peru collected
from the sources described in Section 3. These values are country averages. Biodiversity loss is
expressed as "extinctions per million species years" (E/MSY). This is a quantitative measure used to
assess the rate at which species are going extinct within a defined timeframe. To interpret this
metric, consider that E refers to the number of species that have gone extinct during a specific time
period. Extinctions can result from various factors, including habitat 1oss, climate change, pollution,
invasive species, overexploitation, and other human-induced or natural causes. MSY is a measure
of time that quantifies the cumulative existence of a million species over a specific time frame. It
allows for a standardised comparison of extinction rates across different ecosystems, regions, or
time periods.
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E/MSY measures the rate at which species are going extinct per million species years. A higher
E/MSY value indicates a higher rate of species extinctions within the defined time period. In other
words, more extinctions are occurring per million species years, which implies a more significant
loss of biodiversity. This may signal an urgent need for conservation efforts and management
practices to mitigate biodiversity loss. Lower E/MSY values are desirable because they indicate a
lower rate of species extinctions. A value close to zero suggests that the rate of extinctions is
relatively low, which can be anindicator of a more sustainable and healthier ecosystem. This is often
the conservation target. E/MSY allows for the comparison of extinction rates across different
ecosystems, regions, or time periods. It can help researchers, policymakers, and conservationists
assess the impact of various stressors on biodiversity and prioritise conservation efforts
accordingly.

According to the used methodology, cocoa production in Peru was responsible for a biodiversity
loss of 2.87E-08 E/MSY per tonne of cocoa beans harvested. This is more than double the impact of
the two largest cocoa producers, Cote d'lvoire and Ghana, but lower than that of Indonesia and
Ecuador. According to the FABIO database [7], the cocoa bean is the crop with the eighth largest
overall impact on biodiversity with a share of 3.49% in the global land-use related impact on
biodiversity. Rice, maize, and wheat are topping the list with 16.68, 12.35 and 6.65% respectively. In
relation to its production volume, however, cocoa cultivation has the greatest biodiversity impact
of all crops, with a global average of 1.77E-07 E/MSY per tonne, while the global mean E/MSY per
tonne for other crops ranges from around 6.00E-10 for potatoes to 6.50E-09 for rice, which is two
to three orders of magnitude lower than that of cocoa.

Table 3: Direct impacts of cocoa bean cultivation in the 10 largest cocoa producing countries, 2020.

Green . e GHG
Biodive <
water P N X emissio Cocoa
Landuse . . rsity
consum applicat applicat ns bean
Country (ha per . . . loss
ption ion (kg ion (kg (tonnes product
t) s (E/MSY .
(m? per pert) pert) ert) CO2e ion (t)
t) P pert)
cote 1.44 10,426 1.96 6.28 1.40E-08 3.78 2:200,00
d'lvoire (0]
Ghana 1.61 21,584 1.06 4.04 1.16E-08 2.05 1'04(;'00
Indonesia 2.36 18,217 21.56 156.99 1.44E-07 45.58 720,660
Ecuador 1.39 18,698 0.45 4.24 2.60E-07 11.01 327,903
Nigeria 3.62 23,365 1.56 157 2.72E-08 3.16 290,000
Cameroon 1.86 21,043 1.64 7.71 4.08E-08 19.42 280,000
Brazil 2.67 23,983 37.46 66.67 4.18E-08 33.76 269,731
Peru 0.79 7,889 4.74 26.74 2.87E-08 23.02 158,944
Dominican 1.94 NA 3.07 25.97 1.14E-06 14.26 77,681
Republic
Colombia 2.23 20,474 10.67 80.12 2.10E-07 59.64 63,416

The climate impact can be expressed in tonnes of CO2e per tonne of cocoa beans harvested. In
cocoa production, land use change (mainly deforestation) is responsible for a large share of the
overall emissions. In the case of Peru’s cocoa cultivation, more than 99 % of the overall CO2e
emissions of 23.02 tonnes per tonne of cocoa beans is caused by land use change. In Cote d'lvoire,
Ghana and Nigeria, all counties with lower rates of deforestation caused by cocoa cultivation than
Peru, GHG emissions per tonne of cocoa beans are lowest, ranging between 2.05 and 3.78 tonnes
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COz2e per tonne of cocoa beans. This shows the large reduction potential. For landuse and green
water consumption, Peru shows the lowest values when compared to the other top cocoa
producers.

4.1.3 GLOBAL SPATIAL BIODIVERSITY LOSS OF COCOA CULTIVATION

The global PDF of cocoa cultivation in 2020 is 0.00086. This means that cocoa cultivation could
potentially cause the extinction of 0.086% of the world's species. As shown in Figure 4, the
geographic distribution of biodiversity loss due to cocoa cultivation reveals critical areas of
impact, particularly in West Africa, the Amazon rainforest of South America, and Southeast Asia.
Cote d'lvoire, Indonesia, Brazil, Ecuador, and Ghana emerge as the top five countries bearing the
brunt of biodiversity loss (see Figure 5a), cumulatively accounting for 73.56% of the global toll.
Specifically, the Global PDF caused by Peru's cocoa cultivation is 1.33*10-%, accounting for 1.55% of
the total global biodiversity loss. From a global perspective, the cocoa cultivation areas and the
resulting biodiversity impacts are imbalances across countries (see Figures 5a and 5b). A typical
case is Sao Tome and Principe. This country has only 0.24% of the world's cocoa cultivation area,
but has caused 3.67% of the world's cocoa cultivation related biodiversity loss. For Peru, its cocoa
cultivation area accounts for 1.40% of the world's total, and its biodiversity loss is 1.55% of the
world's total, slightly higher than the global average. There are also imbalances in cocoa production
volumes and biodiversity impacts between countries. As shown in Figure 6b, the biodiversity
impact per ton of cocoa produced can vary by a factor of ~180 between countries (Sao Tome and
Principe and Cameroon). In 2020, the global average PDF per ton of cocoa produced is 1.49*10-°,
while Peru's is 0.84*107'°, 77% lower than the global average. Although cocoa production in Peru has
a higher impact per unit area than the global average, the biodiversity loss per ton of cocoa
produced is much lower than the global average. This is due to the high land use efficiency (yield)
of cocoa production in Peru.
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Figure 4: The global geographic distribution of biodiversity loss (global PDF) due to cocoa cultivation. A, B, C
are the zoomed-in biodiversity impacts hotspots.
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Figure 5: (a) biodiversity loss (global PDF) in key producing countries in 2020; (b) cocoa cultivation area (ha)
in key producing countries in 2020.
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Figure 6: (a) biodiversity loss (global PDF) per ha of cocoa cultivation in key producing countries in 2020; (b)
biodiversity loss (global PDF) per ton of cocoa produced in key producing countries in 2020.

4.1.4 GLOBAL TEMPORAL BIODIVERSITY LOSS OF COCOA CULTIVATION

From 2010 to 2020, there is a notable increase in global biodiversity loss due to cocoa cultivation,
with the global PDF increasing by 32.71% from 0.00064 to 0.00086 (Figure 7a). This increase in
biodiversity loss is mainly related to the expansion of cocoa cultivation in Céte d'lvoire. During this
period, Cote d'lvoire's global PDF associated with cocoa cultivation increased from 0.00014 to
0.00029, and its contribution to global biodiversity loss jumped from 21.10% to a significant 33.61%
(Figure 7b). On the other hand, Indonesia decreased its contribution to global biodiversity loss from
17.87% to 12.30%, while Brazil decreased its contribution from 15.22% to 10.21% (Figure 7b), mainly
due to an increase in global biodiversity loss due to cocoa cultivation and a decrease in cocoa
cultivation area within its borders (Figures 7c and 7d). The biodiversity loss due to cocoa cultivation
in Peru increased by 130.17% over the past decade (Figures 7c and 7d), and its share of global
biodiversity loss increased from 0.89% to 1.55%, the fastest increase among major cocoa
cultivation countries.

We also examined biodiversity loss per ton of cocoa produced in the major cocoa cultivation
countries (Figure 8b). There are some countries that have significantly increased land use efficiency
(cocoayields) from 2010 to 2020, effectively mitigating the impact of increased cocoa production
on biodiversity loss. For example, in Peru, the only major cocoa producing country that improved
its cocoa yield each year, while cocoa production increased by 241.98%, its biodiversity impact
increased by only 130.17% (Figure 8a). This is due to a 32.50% reduction in biodiversity loss per ton
of cocoa produced. In contrast to Peru, the world's largest cocoa cultivation country according to
FAOSTAT [11], Cote d'lvoire, has seen its land use efficiency decline each year, resulting in a 111.40%
increase in biodiversity loss from cocoa cultivation, even though its cocoa production increased
by only 69.05%. The above results illustrate the importance of increasing cocoa yields to mitigate
the biodiversity impact, given the general trend of increasing global demand for cocoa.
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Figure 7: (a) biodiversity loss (global PDF) due to cocoa cultivation in leading producing countries (2010-
2020); (b) percentage of global biodiversity loss due to cocoa cultivation by country (2010-2020); (c)
biodiversity loss (global PDF) from cocoa cultivation in key producing countries, 2010, (d) biodiversity loss
(global PDF) from cocoa cultivation in key producing countries, 2020.
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Figure 8: (a) relative percentages of biodiversity loss due to cocoa cultivation compared with 2010 in leading
producing countries (2010-2020); (b) relative percentages of biodiversity loss per ton of cocoa produced
compared with 2010 in leading producing countries (2010-2020).
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4.1.5 IDENTIFICATION OF BIODIVERSITY IMPACT HOTSPOTS WITHIN
PERU

The high spatial detail of the BIM approach helped us to identify hotspots of biodiversity 1oss. Our
analysis shows that the central forest region of Peru is of paramountimportance from a biodiversity
perspective (see Rl distribution in Figure 9a). This region has the highest concentration of species
and habitats. Figure 7b shows the distribution of BIM due to cocoa cultivation at the grid cell scale,
with significant spatial heterogeneity; the hotspot of biodiversity loss is located in the central
region of Peru. Overall, the average biodiversity impact per hectare of cocoa cultivated is 1.96
BIM/ha, which is significantly greater than the Peru average, indicating the overlap between cocoa
cultivation areas and biodiversity hotspots. We further integrated the distribution of biodiversity
impact due to cocoa cultivation at the provincial scale (see Figure 9¢, 9d and Table 4). Six provinces,
including San Martin, Huanuco, Piura, Ayacucho, Amazonas and Ucayali, account for 94.25% of
Peru's cocoa cultivation area and 92.07% of biodiversity loss due to cocoa cultivation. Among them,
San Martin accounts for 31.04% of Peru's cocoa cultivation area and 42.50% of biodiversity loss,
which is the highest impact of all the provinces. Amazonas has the highest biodiversity impact per
hectare of cocoa cultivated, with 5.75 BIM/ha, which is 6.32 times higher than the lowest province,
Ucayali. Our use of BIM approach provides a nuanced and spatially detailed perspective on the
biodiversity impacts of cocoa cultivation. This high-resolution view enables targeted interventions
to minimise biodiversity loss in the most vulnerable regions.
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Figure 9: (a) spatial distribution of Rl in Peru, (b) spatial distribution of biodiversity loss (BIM) due to cocoa
cultivation in Peru; (c) provincials’ distribution of biodiversity loss (BIM) due to cocoa cultivation in Peru; (d)
provincials’ distribution of biodiversity loss (BIM) per hectare cocoa cultivated in Peru.
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Table 4: Provincial statistics of biodiversity loss (BIM approach)

Province BIM (ha) BIM/ha Area(ha) Area (%) BIM (%)
San Martin 63693.70 2.69 23654.46 31.04 42.50
Huanuco 32507.47 1.24 26194.39 34.37 21.69
Piura 15396.12 4,93 3125.27 4.10 10.27
Ayacucho 10718.28 1.17 9188.65 12.06 7.15
Amazonas 9879.45 5.76 1716.22 2.26 6.59
Ucayali 7270.05 0.91 7946.49 10.43 4.85
Others 10389.47 2.37 4385.49 5.75 6.93

4.1.6 KEY POINTS

o Globally, Peru is currently the 8™ largest cocoa producer and one of the countries with the
fastest growth in cocoa production with an increase by 241% from 2010-2020 [5].

o Supply chains need to be investigated in more detail. Currently available MRIO databases
do not allow to derive reliable insights.

o Peru's biodiversity impact per tonne of cocoa produced is below the global average.

o Increased cocoa yields in Peru from 2010 to 2020 have effectively mitigated the
biodiversity impacts due to expansion of cocoa cultivation.

o The biodiversity importance of cocoa cultivation areas within Peru is significantly greater
than the average biodiversity importance of Peru overall.

o Biodiversity impacts per hectare of cocoa cultivated in different provinces in Peru show
strong spatial heterogeneity, with differences up to six times greater. Therefore, selecting
appropriate regions for cocoa cultivation can effectively mitigate biodiversity impacts.

4.2.1 FISHERY AND AQUACULTURE VALUE CHAINS

Supply chains of fishery and aquaculture products are captured in EXIOBASE. It can be used to
evaluate the sectors (Table 5) and countries (Table 6) in which fishery and aquaculture products
from Greece are consumed. A new refined MRIO model for seafood is under development and will
be used for a more detailed assessment of fishery and aquaculture value chains in the second year
of the BIOTRAILS project.

Table 5: Final consumption of fish from Greece, product groups, 2016

Product group Value (M.EUR) Share
Fish and other fishing products 828 76.5%
Hotel and restaurant services 96 8.8%
Food products nec 31 2.9%
Membership organisation services n.e.c. 19 1.7%
Health and social work services 14 1.3%
Dairy products 13 1.2%
Fish products 12 1.2%
Others 69 6.4%
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Table 6: Final consumption of fish from Greece, consumer countries, 2016

Country Value (M.EUR) Share
Greece 459 42.5%
Italy 273 25.3%
Spain 87 8.0%
France 53 4.9%
United States of America 32 2.0%
Portugal 31 2.9%
Germany 22 2.0%
United Kingdom 19 1.8%
RoW Middile East 10 1.0%
China 7 0.7%
Netherlands 7 0.6%
RoW Europe 7 0.6%
Canada 7 0.6%
Romania 5 0.5%
RoW Asia and Pacific 5 0.4%
Bulgaria 5 0.4%
Others 52 4.8%

4.2.2 ENVIRONMENTAL STRESSORS OF FISHERY AND AQUACULTURE

Table 7 presents kilograms of emissions released around the world along the supply chains of
fishery and aquaculture in Greece. For most substances, by far the largest share is emitted in Greece
itself. Only for Pb emissions, this is not the case.

Table 7: Emissions footprint of fish from Greece, in kilograms, by source country, 2016

Country As Cd CO2¢e Hg NOx Pb PMIO PM25 Se SOx

Greece 75,60 4,53 806,830,6 3,03 13,738,0 149 1,128,831 1,059,58 90 8,525,02
3 8 41 0] 62 3 9

Russian 42 3 22,756,37 1 42,621 221 7,349 5,793 1 49,811

Federation 3

RoW 51 5 12,328,426 1 35,717 198 5,627 4,561 - 33,713

Middle East

China 15 1 7,658,604 - 19,354 49 9,371 5,083 5 34,269

RoW Asia 70 6 7,261,579 3 32,094 114 4,448 3,504 - 19,765

and Pacific

RoW Africa 12 1 5,953,158 - 20,014 118 3,697 2,986 - 16,184

Spain 17 1 3,144,607 - 16,854 5 1,204 1,067 - 8,461

RoW 21 1 2,896,185 - 10,521 174 3,448 2,118 2 13,194

Europe

India 8 - 2,850,378 - 7,457 20 3,053 1,873 1 10,514

Turkey 10 3 2,800,583 - 7,065 36 1,286 938 - 4,618

Germany 33 2 2,707,203 1 10,586 n 1,077 887 - 6,648

Italy 25 2 2,447,283 1 9,659 9 1,086 897 - 4,780

United 6 - 1,955,462 - 6,591 4 635 521 - 4,141

States

Norway 25 1 1,483,527 1 16,787 2 871 774 - 3,236

RoW 7 1 1,436,034 - 4,721 53 1,521 1,204 - 12,259

America

Netherland 9 1 1,334,423 - 5,362 8 482 370 - 1,454

s

France 7 - 1,332,734 - 6,981 13 696 530 - 2,106
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United 20 1 1,252,778 1 7,741 3 509 445 - 2,976
Kingdom
Bulgaria 3 2 1,114,564 - 4,341 26 743 606 - 9,350
Canada 30 2 1,074,237 1 7,506 - 630 580 - 3,251
Taiwan 7 - 1,057,000 - 2,766 1 277 186 - 2,067
Belgium 6 - 903,870 - 3,703 1 280 243 - 1,276
Romania 4 1 809,782 - 3,285 18 581 425 - 4,757
South 5 - 743,134 - 2,901 1 202 151 - 1,201
Korea
Japan 19 2 706,863 - 4,480 5 482 401 - 2,001
Indonesia 4 - 702,406 - 3,234 - 346 255 - 2,074
South 1 - 695,347 - 1,590 7 321 217 - 2,511
Africa
Australia 2 - 679,089 - 2,119 1 174 116 - 856
Poland - - 653,913 - 2,357 1 257 179 - 906
Luxembour 15 1 652,954 1 5,062 - 237 223 - 1,712
)
Czech - - 610,389 - 1,550 - 159 13 - 798
Republic
Brazil 2 - 584,597 - 1,788 13 455 364 - 2,269
Croatia 5 - 563,904 - 2,277 - 213 173 - 1,744
Ireland 3 - 472,546 - 2,608 2 132 96 - 432
Portugal 6 - 460,552 - 2,832 - 245 223 - 1,213
Hungary - - 447170 - 1,542 1 150 126 - 276
Mexico 4 - 445,044 - 2,741 13 333 285 - 962
Denmark 13 1 408,419 1 5,133 1 404 350 - 1,808
Estonia 3 - 339,183 - 1,025 - 295 215 1 1,600
Austria - - 319,401 - 1,292 1 182 161 - 1,423
Cyprus 23 1 307,011 1 4,401 2 430 378 - 2,949
Sweden 8 - 306,541 - 2,568 1 249 222 - 1,072
Latvia 6 - 275,328 - 2,079 - 165 149 - 715
Finland 3 - 239,566 - 2,005 - 241 199 - 762
Slovak - - 213,894 - 873 2 170 147 - 492
Republic
Lithuania 1 - 161,690 - 1,033 - 121 95 - 339
2 - 151,100 - 810 2 123 86 - 382
Switzerlan
d
Slovenia 5 - 138,676 - 935 - 90 79 - 558
Malta - - 64,766 - 293 - 28 20 - 195

Table 8 breaks down the emission footprints by sources. The transport sector, including sea
transport, contributes most to the emissions of all substances, except for Pb, where metal and
mineral products are the main source.

Table 8: Emissions footprint of fish from Greece (* kilograms per tonne, # grams per tonne), by product group,
2016

CO2 SOx NOx PM2 PMI

Product group N . . N . Asi Cdi Hg Pb Se
ej ] ] St 0
Agriculture & forestry 49 0.0 0.1 0.0 0.0 - - - 0.0 -
Fish 844 0.0 0.3 0.0 0.0 0.0 0.0 0.0 0.0 -
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Mining 37 01 01 00 00 01 00 00 07 00
Energy 189 12 04 01 01 01 00 00 07 0]

S ] 132 15 21 02 03 M3 08 05 57 00
products

Other products 50 03 02 00 00 00 00 - 04 -
Construction 2 0.0 0.0 0.0 0.0 0.0 - - 0.0 -
Services 141 009 5 01 01 72 04 03 04 00
Transport 4,052 50.6 82.6 6.3 6.7 453.2 27.2 18.1 0.5 0.5

Total 5'62 545 872 68 73 47.9 284 189 84 0.7

The emission footprints were calculated using national averages. Table 9 shows the average input
requirements of the fishery and aquaculture industry in Greece in 2016. Data specific to a certain
operation can be used to further detail the footprint calculations.

Table 9: Input requiremtents of the fishery industry, Greece, 2016, in Euros per tonne of fish, by sector group

Sector group Value
Transport 756
Financial services 514
Retail & sale 297
Fish 273
Textiles 254
Electrical machinery and apparatus 81
Wood and paper products 68
Public administration 50
Beverages 37
Energy 37
Other services 12
Other products 6

4.2.3 KEY POINTS

o Greece is a traditional fish producer. Aquaculture production is increasing, with
detrimental effects onlocal water quality and ecosystems, as well as on distant regions.

o Currently available MRIO databases only allow analysis of supply chains at a high level of
aggregation. New MRIO databases will help gaining more valuable insights.

o LCA allowsinvestigating the differences inimpacts between modes of production, helping
to identify transformative potential.

4.3.1 GOLD VALUE CHAINS

Value chains of gold mining are not well depicted in the currently available MRIO databases. We will
search for alternative ways for implementing a more detailed assessment of gold supply chains in
the second year of the BIOTRAILS project.
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4.3.2 ENVIRONMENTAL STRESSORS OF GOLD MINING

Table 10 presents kilograms of emissions released around the world along the supply chains of gold
mined in Ghana. For all substances, by far the largest share is emitted in Ghana itself. Impacts in
other countries are comparably small.

Table 10: Emissions footprint of gold from Ghana, in kilograms per tonne, by source country, 2016

Country
RoW Africa

China

RoW Middile
East

South Africa

India

Russian
Federation
United
States
RoW Asia
and Pacific

RoW Europe
France
Japan
Spain
Taiwan

Germany

RoW
America

Italy
Indonesia
Turkey
South Korea
Australia
Brazil
Belgium
Canada
Mexico
United
Kingdom
Poland
Portugal
Netherlands
Greece
Bulgaria
Czech
Republic
Norway
Romania
Sweden
Ireland

Funded by

CO2e
99,555,02
0

4,640,329
4,432,028

3,044,503
1,948,362

1,080,171
797,349

768,201

485,404
483,603
380,436
372,748
346,134
302,966

289,243

273,221
269,504
258,496
201,594
184,204
182,065

144,676
137,909

125,481

124,904

88,275
81,519
71,238
51,973

50,920

49,225

45,717
41,969
27,977
15,054

the European Union

NOXx

474,56
5

9,714
9,863

6,461
3,377

2,197
1,574

2,480

1,271
2,120
954
1,303
619
936

863

1,01
325
856
550
255
299
366
319
776

670

274

309
201

787

112

124

408
130
142
152
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SOx
3,260,71
8

20,539
16,787

13,693
8,872

2,278
1,066

5119

2,410
920
927

1,182
492
919

3,164

942
452
1,968
378
325
760
271
245
660

447

176
100
69
802
495

105

180
199

56
149

PM10 PM2.5
661,182 512,500
7,980 4,781
5,695 4,446
2,514 1,766
2,184 1,245
1,635 1,280
380 248
3,115 2,374
1,359 976
728 484
389 232
515 356
174 102
252 162
1,007 780
488 354
128 59
1,094 807
86 49
150 53
436 323
56 36
54 39
700 551
230 166
39 25
108 87
35 23
336 212
34 27
38 25
365 247
64 43
32 24
146 87

As
4,071
6
32

12
7

17
]

23
16

N O W DN

Cd Hg
1,196 190
3 1
9 1
3 1
1 -
2 -
6 1
1 -
1 -
2 =
4 1
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49,418
123
395

154
75

174
14

255

175
24
14
27

1
80
14
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10

1

W

DN O N O

BIZTRAILS

Se
46

32



D3.5 — Updated LCA and EEMRIO data (A)

Hungary 14,935
Austria 14,265
Finland 12,155
Denmark 11,655
Croatia 11,233
Switzerland 10,849
Sowk, o
Estonia 5,719
Latvia 5,518
Lithuania 4,921
Luxembourg 4,586
Slovenia 3,736
Cyprus 2,872
Malta 870

46
58
39
163
41
122

31

13
16
16
14
9
30
4

28
33
25
125
26
163

32
18

17

18

14
1

62
29
115

24

N p OO O1

38
19
68

15

— N DD WP~

Table 11 breaks down the emission footprints by sources. Direct emissions of the mining sector
itself comprise the largest share of all emissions. Copper mining, iron and steel and electricity by
coal are further major contributors.

Table 11: Emissions footprint of gold from Ghana (kilograms per tonne), by product group, 2016

Product group

Gold mining
Copper mining
Iron and steel

Electricity by coal

Agriculture &
forestry

Metal & mineral
products

Rubber and plastic
products

Coal mining
Chemicals

Mining, other
Services

Crude oil extraction

Heavy Fuel Oil

Energy, other
Other products
Electricity by gas
Transport
Electricity by oil

Funded by
the European Union

CO2e
86,580,
997
6,736,7
26
5,674,0
74
4,434,9
25
3,543,7
60
1,915,44
6
1,688,77
9
1,579,3
05
1,363,53
2
1,283,33
0
1,196,34
6
1,169,74
8
979,30
9
752,536
732,577
716,105
649,164

438,957

NOXx
395,748

49,481

30,382

9,484
6,390
6,964
2,172
1,057
2,849
2,871
5,027
485

2,689

2,143
1,789
867
5,665
790
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SOx
2,799,4
13

350,481
87,613
19,898

913
49,760
3,917
2,541
6,729
6,937
1,415
646

4,590

5,155
3,275
124
2,620
2,220

PM10O PM2.5 As

549,39
9

69,134
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Construction 29,304 12 24 8 6 = - - - -

The emission footprints were calculated using national averages. Table 12 shows the average input
requirements of the gold mining industry in Ghana in 2016. Data specific to a certain operation can
be used to further detail the footprint calculations.

Table 12: Input requiremtents of the gold mining industry, Ghana, 2016, in Euros per tonne of gold, by sector

group

Product group Value
Mining 236,335
Iron and steel 62,346
Retail & sale 26,098
Agriculture & Forestry 23,198
Chemicals 15,949
Machinery and equipment 14,499
Heavy Fuel Oil 11,599
Metal and mineral products 11,599
Transport 7,250
Aluminium products 4,350
Rubber and plastic products 2,900
Energy 2,900

4.3.3 KEY POINTS

o Ghana’s gold mining sector plays a critical role in the country's economy but also faces
various environmental and social challenges, including deforestation, pollution of water
bodies, land degradation, and the impact on local communities.

o Currently available MRIO databases only allow the analysis of supply chains at a high level of
aggregation. We will explore other options, for instance Resolved-EXIOBASE (REX) [17], a
further resolved version of the EXIOBASE database, for analysing the value chain of gold
produced in Ghana.

o LCA allows investigating the differences in impacts between modes of production, helping
to identify transformative potential.

The LCA data can be used in accordance with the Activity Browser guidelines* and the terms of the
GNU Lesser General Public License v3.0 (LGPL v3). Results derived from FABIO and EXIOBASE
underly Creative Common licenses and can be used for non-commercial purposes only.

All scripts were written in R and Python. Codes and auxiliary data for the value chain assessment are
available on GitHub?®. For the biodiversity assessment of cocoa production, python codes utilised

4 https://github.com/LCA-ActivityBrowser/activity-browser/blob/master/CONTRIBUTING.md.
5 https://github.com/ecological-systems-design/biotrails/.
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to derive the results, geographic files generated, as well as supplementary tables and outcomes can
be downloaded from Google Drive®. In Annex |, the codes to analyse up- and downstream supply
chains and environmental footprints are described in detail.

6 https://drive.google.com/drive/folders/11fzymv2_UEzixD5W_-EsvSqFft5E9Cv2?usp=sharing.
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This chapter outlines the main conclusions from the analysis carried out during the first stage of
Task 3.3. It also describes limitations of the initial version of the data and introduces the next steps
inthe development of the updated LCA and EEMRIO data towards the completion of the Deliverable
3.6 ‘Updated LCA and EEMRIO data (B)’.

The aim of this deliverable was to describe the first version of the LCA and EEMRIO datasets that
will be used within the BIOTRAILS project in order to model the environmental impacts along value
chains across the four case studies. The data will be used in BIOTRAILS to identify impact hotspots
in current value chains and inform the systems dynamic models. It comprises data on the
interdependencies and linkages between sectors in an economy and allows for the assessment of
both upstream and downstream value chain relationships, offering valuable insights into the
environmental impacts of various industries, including their role in resource use, biodiversity loss,
and emissions. The data reveal the intricate web of economic connections that underlie the
investigated industries and provide detailed results on environmental performance of activities
within the case study sectors.

Peru, ranking as the world's 8™ largest cocoa producer, has experienced remarkable growth in
cocoa production, witnessing a substantial 241% increase from 2010 to 2020. Our assessment of
the biodiversity impact per tonne in Peru utilised three complementary approaches, revealing that
the biodiversity impact associated with Peruvian cocoa is below the global average. Increasing
cocoa vields in Peru during the mentioned period have effectively offset biodiversity impacts
linked to cocoa cultivation expansion. Notably, the biodiversity significance of cocoa cultivation
areas within Peru surpasses the country's overall average, highlighting the pivotal role of cocoa
bean cultivation for nature conservation in the country. Furthermore, our analysis indicates
considerable spatial heterogeneity in biodiversity impacts per hectare across different provinces
in Peru, with variations of up to sixfold. This underscores the importance of strategic region
selection for cocoa cultivation as a means to efficiently mitigate biodiversity impacts. However,
the effectiveness of such measures is limited because, on the one hand, production capacity in
these regions is limited and, on the other hand, a shift in demand would lead to increased
deforestation rates and thus increased pressure on biodiversity.

The report also provides preliminary estimations of the downstream value chains associated with
Peruvian cocoa, unraveling the influence of consumer countries as key drivers of cocoa production
dynamics. Nevertheless, the existing MRIO databases inadequately document the intricacies of
the cocoa value chain. The current limitations in product and sector resolution pose a significant
impediment to the nuanced analyses conducted within the BIOTRAILS project. Recognising this
bottleneck, our ongoing efforts are directed towards exploring more intricate and detailed data
sources.

Greece, a longstanding contributor to the fisheries sector, has witnessed a notable surge in
aquaculture production. However, this growth has raised concerns about its adverse impacts on
local water quality, ecosystems, and even distant regions. The report includes initial estimates of
the up- and downstream value chains, their contributions to emissions, and the role of sectors and
countries as adriver of fishery and aquaculture production in Greece. The existing MRIO databases,
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though informative, provide analyses of value chains at a broad level of aggregation. The
development of new MRIO databases is imperative to delve into more nuanced insights. LCA
proves instrumental in scrutinising disparities in environmental impacts across various modes of
production, thereby aiding in the discernment of transformative potentials within the aquaculture
industry.

The pivotal role of Ghana's gold mining sector in the national economy is indisputable, yet it is
accompanied by a spectrum of environmental and social challenges, encompassing deforestation,
water pollution, land degradation, and repercussions on local communities. The report provides
preliminary estimations of the environmental pressures released along value chains. However,
existing MRIO databases currently only facilitate value chain analysis at a broad level of
aggregation. To overcome this limitation, we are exploring alternative avenues such as Resolved-
EXIOBASE. Leveraging LCA emerges as a valuable tool in discerning disparities in impacts among
different modes of gold mining production, providing a pathway to identify transformative
potentials that can address the environmental pressures inherent in this critical sector.

In the upcoming stages of our research project, a meticulous examination of the biodiversity
impact associated with various modes of production and management in production of the case
study sectors is slated for the second year. This crucial assessment aims to shed light on the
nuanced environmental implications of different approaches within the cocoa, gold, and
fishery/aquaculture industries, contributing to a more comprehensive understanding of its
ecological impact. These forthcoming assessments will integrate spatially explicit information on
gold and fishery/aquaculture production, mirroring the methodology illustrated in this report for
the case of cocoa production. The inclusion of spatially explicit data is instrumental in enhancing
the precision of our biodiversity assessment. By incorporating geographical details, we can
meticulously map and analyse the specific locations where gold mining and fishery/aquaculture
activities take place. This spatially explicit perspective enables a more nuanced understanding of
the environmental impact on biodiversity, considering the unique ecosystems and habitats
affected by these industries. Such granularity in our assessment contributes to the development
of targeted and context-specific conservation strategies, fostering a more informed and effective
approach to biodiversity preservation.

Furthermore, the wealth of data collected from stakeholders during the recent and upcoming
workshops is anticipated to play a pivotal role in shaping and fortifying our analyses. The insights
gleaned from direct engagement with stakeholders are invaluable, providing firsthand
perspectives and context that will guide and support the subsequent biodiversity impact
assessments. This collaborative approach not only enhances the robustness of our research but
also ensures that our analyses align closely with the realities and priorities of the stakeholders.

Finally, the prevailing constraints in product and sector resolution of the presently available MRIO
databases pose a significantimpediment to the nuanced analyses conducted within the BIOTRAILS
project. Recognising this bottleneck, our ongoing efforts are directed towards exploring more
intricate and detailed data sources. At present, our focus involves the compilation of
comprehensive data on the value chains of cocoa and fishery/aquaculture production.
Simultaneously, we are actively exploring the utilisation of an existing, more detailed MRIO
database tailored for gold production. This approach aims to transcend the constraints inherent in
the presented results, promising a more comprehensive and refined understanding of the intricate
interplay within the investigate value chains.
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ANNEX1: R SCRIPTS FOR SUPPLY CHAIN AND
FOOTPRINT ASSESSMENTS

The R script exiobase_fish.R combines various data processing, aggregation, and visualisation
techniques to assess the environmental impact of fish production in Greece (GR). It utilizes the
EXIOBASE database and other data sources to estimate greenhouse gas emissions, water
consumption, and other environmental indicators associated with this specific supply chain. It
performs a series of data processing and analysis tasks related to the environmental assessment of
the fish supply chain. The script also produces maps and data tables for reporting and analysis. Here
is an overview of the script's main functionalities and steps.

6.1.1 LIBRARIES AND FUNCTIONS

The script starts by loading various R libraries, including "Matrix’, ‘tidyverse’, ‘data.table’, and
others, which are used for data manipulation, visualisation, and geographical mapping.
Additionally, two custom functions (‘is.finite.data.frame’ and ‘agg’) are defined.

6.1.2 DATA LOADING

The script loads several data files, including code definitions and multi-regional input-output data
related to the EXIOBASE database. These data files are essential for further analysis.

6.1.3 SETTINGS

Various settings are specified, such as the target year (2016), the chosen country (Greece), and the
specific product of interest ("Fish and other fishing products; services incidental of fishing").

6.1.4 DATA PREPARATION

The script processes and prepares several data tables (‘data_z', ‘data_y’, "data_e’) by extracting
relevant information from the loaded EXIOBASE data based on the chosen country and product.
These data tables are used for subsequent calculations.

6.1.5 ENVIRONMENTAL FOOTPRINT CALCULATION

The script calculates environmental footprints associated with fish production in Greece, focusing
on the following aspects:

o Greenhouse Gas (GHG) Emissions: GHG emissions are converted into Global Warming
Potential (GWP) by multiplying with GWP factors. Data on CO2 equivalent (CO2e) emissions
are also processed.

o Environmental stressors: Footprints of the Greek fishery industry are calculated for a range
of environmental stressors.

o Final Consumption Tracking: Final demand data for various regions are prepared, and the
fishery production is tracked to each region based on the supply chain information (i.e. on
processing and trade) in the input-output data.

6.1.6 AGGREGATION AND VISUALISATION

The script aggregates and processes the calculated environmental data, including GHG emissions
and water consumption, at both the country and product levels. It generates CSV files
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(‘fish_emissions_countries.csv’, ‘fish_emissions_products.csv’, ‘fish_water_countries.csv’,
‘fish_water_products.csv') containing these environmental indicators.

6.1.7 GEOGRAPHICAL MAPPING

The script creates geographical maps of the environmental footprint of fish production in various
regions. It uses the ‘ggplot2’ library to generate maps of environmental indicators such as GHG
emissions and displays them in an image format (‘output/fish_MEUR_map.png’).

6.1.8 DETAILED FOOTPRINT CALCULATION (OPTIONAL)

Finally, there is an optional section that calculates detailed environmental footprints associated
with the entire supply chain of the chosen product. This section calculates the environmental
impact of different regions' consumption of the selected product.

The R script exiobase_gold.R combines data processing, aggregation, and visualisation
techniques to assess the environmental impact of gold production in the specified country. It
utilises the EXIOBASE database and other data sources to estimate emissions of GHG, NOx, SO,
PM and heavy metals, gold extraction, and other environmental indicators associated with this
specific supply chain. The script also produces maps and data tables for reporting and analysis.
Here's a breakdown of the script's key functionalities:

6.2.1 LIBRARIES AND FUNCTIONS

The script starts by loading several R libraries, including *Matrix’, ‘tidyverse’, ‘data.table’, and
others, which are used for data manipulation, visualisation, and geographical mapping.
Additionally, two custom functions (‘is.finite.data.frame’ and ‘agqg’) are defined for later use.

6.2.2 DATA LOADING

The scriptloads various data files, including code definitions and multi-regional input-output data
from the EXIOBASE database. These data files are essential for subsequent analysis.

6.2.3 SETTINGS

The script sets certain parameters such as the target year (2016), the chosen country ("WF"), and
the specific product of interest ("Precious metal ores and concentrates").

6.2.4 DATA PREPARATION

The script processes and prepares several data tables (‘data_z', ‘data_y’, ‘'data_e’, 'data_gold") by
extracting relevant information from the loaded EXIOBASE data based on the chosen country and
product. These data tables are used for further calculations.

6.2.5 ENVIRONMENTAL FOOTPRINT CALCULATION

The script calculates environmental footprints associated with gold production in the selected
country. Key steps include:

Greenhouse Gas (GHG) Emissions: GHG emissions are converted into Global Warming Potential
(GWP) by multiplying with GWP factors. Data on CO2 equivalent (CO2e) emissions are processed.

Gold Extraction: The script calculates the gold extraction amount using specific stressor codes.

Environmental Impact: The environmental impact of gold production, including relevant
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stressors (e.g., CO2e, NOx), is calculated and aggregated.

The script writes the calculated environmental data to CSV files (‘'gold_emissions_countries.csv,
‘gold_emissions_products.csv’) for reporting and analysis.

6.2.6 CONSUMPTION ANALYSIS (OPTIONAL)

The script includes an optional section for analyzing the consumption of gold from the selected
country. It calculates and aggregates gold consumption in terms of tonnes and writes the results
to CSV files ('gold_tonnes_countries.csv’, 'gold_tonnes_products.csv’).

6.2.7 GEOGRAPHICAL MAPPING

The script creates geographical maps of gold consumption in various regions. It uses the ‘ggplot2’
library to generate maps of gold consumption and saves them as image files
(‘gold_consumption_map.png’).

6.2.8 DETAILED FOOTPRINT CALCULATION (OPTIONAL)

Finally, there is an optional section that calculates detailed environmental footprints associated
with the entire supply chain of the chosen product, similar to the previous section but for different
regions and products.

The R script exiobase_cocoa.R is similar to the other scripts in that it calculates environmental
footprints associated with a specific product and country/region using data from the EXIOBASE
database. It performs various data processing and analysis tasks related to the environmental
assessment of cocoa production, with a focus on a specific country (Peru). However, it is distinct in
thatitincludes a harmonisation step for environmental data for cocoa production in Peru from the
FABIO database. The script also creates geographical maps of cocoa consumption, which are
specific to this analysis. Here's an overview of the script's functioning and how it differs from the
other two scripts:

6.3.1 LIBRARIES AND FUNCTIONS

The script begins by loading several R libraries, including ‘Matrix’, ‘tidyverse’, 'data.table’, and
others, which are used for data manipulation, visualisation, and geographical mapping. It also
defines two custom functions (‘is.finite.data.frame’ and ‘agqg’) for later use.

6.3.2 DATA LOADING

Similar to the other scripts, this script loads various data files from the EXIOBASE database,
including code definitions ('Y.codes’, 'Q.codes’, '10.codes’).

6.3.3 SETTINGS

The script sets parameters like the target year (2016), the chosen country ("PER" for Peru), and the
specific product of interest ("Cocoa Beans and products").

6.3.4 HARMONISE ENVIRONMENTAL DATA

This script harmonises environmental data from the FABIO and EXIOBASE databases. It combines
and processes data related to land use, biomass, greenhouse gas emissions, and other
environmental factors. This harmonisation step is unique to this script compared to the others.

6.3.5 ENVIRONMENTAL FOOTPRINT CALCULATION

Project funded by

Funded by
the European Union

BIZTRAILS

42



D3.5 — Updated LCA and EEMRIO data (A) 43

The script calculates the environmental footprint of cocoa production. Key steps include:

o Preparing Multipliers: Multipliers for different environmental factors (e.g., land use,
biodiversity loss) are prepared based on the harmonised data.

o Preparing Final Demand: Final demand data is aggregated and prepared.

o Deriving Footprints: The script calculates the environmental footprints associated with
cocoa production, considering both the origin (producer) and destination (consumer)
countries or regions.

6.3.6 GEOGRAPHICAL MAPPING

The script creates geographical maps of cocoa consumption in various regions, using the ‘ggplot2’
library. These maps are saved as image files (cocoa_map.png’).

6.3.7 DATA OUTPUT

The script writes the results of the environmental footprint calculations to CSV files
(‘cocoa_flows.csv' and ‘cocoa_impacts_direct.csv’) for further analysis and reporting.

6.3.8 DETAILED FOOTPRINT CALCULATION (OPTIONAL)

There is an optional section at the end of the script that calculates detailed environmental
footprints associated with the entire supply chain of the chosen product, similar to the previous
section but for different regions and products.
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