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Abstract

Abstract

Meeting demand for agricultural commaodities while tackling climate change, biodiversity loss and
natural resource degradation @éhallenging. Bwerful actors from governments and muitational
companies have set ambitiotargetsto reduce pressure on the natural environmehtowever,

the complexity of global supply chains hinders connecting consuming actors to locations of
production. Despite advances itools and methods aiming to convert data into useful information

about environmental concerns, the implementation of this knowledge idégisionmakingis

lagging

This thesi€contribution to knowledgeis the development of finescale environmental impact
assessmentnalyses of traded agricultural commoditieformed by supply chaiistakeholder
requirements throughsemistructured interviews and focus group discussiodglopting the
principles of Life Cycle Assessmentb-national trade-flow mapping and quantitative spatially
explicit analysis oénvironmental hotspot®f agriculturalproductionis conductedacross multiple
production countriesFour sustainability diensions are includedand use change (LU&issions,
biodiversity loss, water scarcity and soil productivity Joasd the sensitivity of reswdtto
methodological and data choices tested. Finally, the thesis explores how future land use change
can be asessed by incorporating sutational supply chain detaiihto predictive land use change

models.

Results reveal stakeholdensll benefit fromincorporating multiple dimensions of sustainability in
decisionmaking. Quantitative assessments show that thpatial variability of all studied
sustainability dimensions is large atitht geographic hotspots of LUC emissions do not overlap
with other studiedmpacthotspots.Findingsaresensitive tadboth methodological and data choices
Finally, incorporating gdunational supply chain mapping into predictive modetsulted in

projected land use change concentrated to fewer geographies.

Overall, the thesis concludes thassesmg the impacts of agricultural tradeequires multiple
dimensions of sustainabilityotbetter inform supply chain decision making. Additionally, more
research is needed on theomparisonof data, indicators and methods to support robust

environmental impact assessments going forward.
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Chapter 1 Introduction

Chapter Introduction

Despite the urgent need to reduce detrimental environmental impacts of commaodity production
and the accelerated availability of data, tools and methods providing information about
environmental concerns in supply chains, implementation of this knowledgedictisioamaking

is lagging. Freely available soational supply chain mapping data have been extremely useful to
reduce the opacity of complex global supply chain and to better allocate responsibility for impacts
to actors. However, in this context, rebresearch is focused on a few geographies and a few
dimensions of sustainability with little research aiming to understand sustainability concerns across
multiple impact categories and producing countri€s.bridge this gap, the overall aim of this tises

isto explore how to build on suhational supply chain mapping data to provide useful knowledge
for distant actors to improve the environmental sustainability of agricultural commodities that are
sourced through complex supply chains. To ensure reljathis research is informed by the
preferences of stakeholders and their information needs so that they are in a position to take
evidencebased actionln this Chapter, | will introduce the study by first providing an overview of
the background and coakt, followed by the state of the art in monitoring international supply
chains, the knowledge gaps, the aims and contribution and finally the structural outline of the

thesis.

1.1 Background

1.1.1 Pressures and impacts of agricultural food production

Meeting the demands of almost 8bhillion peoplefor food, feed and fuewhile tackling major
challenges such as climate change, biodiversity loss and land degragatoe of the biggest
challenges of our centurfWillemen et al., 2020; Steffen et al., 2015; Rockstrét al., 2009)
Agricultureis one ofthe biggest drives of global environmental changeontributing 30% of
greenhouse gas emissioifubielle et al., 2014)78% of eutrophication(Poore and Nemecek,
2018)and is the largest contributor to natural higdt conversion(Ellis et al., 2021 Conversion of
natural habitat is theargestdriver of global biodiversity loS4PBES, 2018jurther accelerates
greenhouse gas emissioifBaccini et al., 2012and can alter local water and nutrient cycles
(D'Odorico et al., 2018pince the middle of the last century maost cropland expansion has been at
the expense ofropical forestdn Latin America, SuBaharan Africa and Southeast Agtandrill et
al., 2022; Curtis et al., 2018; Ramankutty and Foley9)13%owever agricultural production can

also negatively affect existing cropland@he Intergovernmental Sciené®licy Platform on

14



Chapter 1 Introduction

Biodiversity and Ecosystem Servi¢E2BES, 2018)arns that 75% of agricultural land is already
substantially degraded=a example, it is estimated that with current rates of soil erosion only 60
harvests may be possible until global topsoil is depletedhighlighted by the United NatigdNQ &
Food and Agriculture Organisati¢fAO, 2015)This ighreatening the longerm capacityof the
agricultural systento provide food(Rockstrém et al., 201 Apverall, a change in current practice is
urgently needed to transition to a global food system that is sustainable in thetéong(Willett

et al., 2019; Rockstrom et al., 2017

. SaARSa I ANKOdAZ (G dzNBQa A Y L#l Qdductbyalsdinédily ByeSddnNE y
natural resources increasing the risk flwod supply in the longerm. Agriculture use§0% of
worldwide withdrawn freshwater for irrigation(Foley et al.2011) occupies around 4% of ice

and deserfree land (Ellis, 2021)and consumes around 9% of the noarenewable mineral
phosphorusextracted per yeafCordell, Drangert and White, 200HIl of thefive largestglobal
risksto humanity in the nexten yearddentified by theWorld Economic Forurf2022)(i.e. failure

to adapt to climate changeextreme weather events, biodiversity crises, natural resource scarcity
and human environmental damapavill impact food production(De Amorim et al., 2018)
Increasing competition for natural resourcesd fossil fuels explained most of the food price
increase during the food crisdsetween 2008 and 201{Mittal, 2009) These increases in food
prices candad to social and gepolitical instability(Lambin et al., 2020)n future, competition

from other sectors is also expected as the shift away from fossil fuels towards nuclear power,
biofuel production and hydropower will require more land and watBtCdorico et al., 2018)
Therefore, research is needed to support policies for navigating this complexity and tackling the
multiple crises of biodiversity, climate and soil degradation while meeting demand of a growing and

prospering populatiorfRockstrom eal., 2020)

1.1.2 Evolution of public and privatelicies

Policymakers recognisefive decades ago thab manage natural resources more sustainably
collaborative action is crucilUNEP, 1972)n 1992 at the Earth Summit in Rio de Janeiro in Brazil
(UN, 192) more than 150 countries signed th@onvention on Biological DiversigBD, 2015)

Then, givera need to provide an assessment on progress towards the Convention on Biological
Diversity (CBD), theNpublished theMillennium Ecosystem Assessment rep@@05. The report
revealed thecontinued £  NY¥Ay 3 adl S 2F GKS YlI22NARGe 2F |

actions to reverse this trenfGuerry et al., 2015As a response, governments, businesses and non
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governmental organization createdfiaitives totackle this challengeHoweverit was realised that

the focus on developing countries within the Millennium Development Goals left out the
responsibility of developing countries. Therefore, the Sustainable Development Goals (SDG) were
developal (UN, 2015Yhat demonstrate the interconnectedness of countries withilglobalised
economy. The SDGs bring together social, environmental and economic sustainability and place a
high priority on sustainable consumption and food secufiiil, 2015)In the implementation of

the SDGs, interactions between different goals arise which can either be positiber{etts) or
negative (tradeoffs) (Nilsson, Griggs and Visbeck, 201B)adeoffs can arise, for example, if
consumption is encouraged to drive economic growth (goal 8) whilst reducing climate action (goal
13; Springmann et al., 20)6To make policy interventions effective, interactions between different
SDGs need to be nsidered (Nilsson et al., 2018)A need for more integrated approaches is
GKSNBT2NBE NBO23yrasSR 6KAOK AaxX F2NJ SEFYLX SZ
Intergovernmental Panel on Climate Change (IPCC) with Intergovernmental Panel on
Biodiversity and Ecosystem Servidast year(IPBES, 2021However, the lack of a systematic
approach to integrate biodiversity and climate is hindering solutions benefiting both climate and
biodiversity(Pettorelli et al., 2021)Further benefits cald be achieved via a systematic approach
incorporating not only climate and biodiversity but also other dimensions of sustainability
mentioned in the SDGs such as soil health and water scéfdign, Metternicht and Wiedmann,
2018)

1.1.2.1Policies to reducdeforestation

Governments and businesses have recognised the underpinning role that natural ecosystems have
for climate, biodiversity and ecosystem services and therefore their importance to achieve the
SDGs. One of the most prominent examples of efflarggrotect ecosystems are efforts to reduce
tropical deforestation from global supply chains. More than 180 companies, governments and civil
society actors, through the New York Declaration on Forests (NYDF) iNQRECCC, 2014)
committed to halve theate of deforestation by 2020 and aim to end deforestation by 2Q20nbin

et al., 2018) an objective that is far from being reach@lod et al., 2021During the UN Climate
Change Conference of the Parties (COP) in Glasgow, the number of countriesl ptedtyminate

forest loss and degradation and protect ecosystems increased to 141 coui@asser, Ciais and
Lewis, 2022)This now also included new signatories that had not signed the NYDF before, such as
Argentina, Brazil, Paraguay, Indonesia andaylsih (UN COP, 2021)fo achieve these goals
different private sector instruments existor instanceexamples arel.) geographicallyand

commodityfocused agreements, such as the Soy Moratorium, a commitment by traders to exclude
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soybean suppliers whictleared forest in the Amazon after a certain -oft date (Garrett et al.,

2019) 2.) collective actions such as the Consumer Goods Forum representing more than 400
companies aiming to collectively reduce deforestaijbambin et al., 2018).) voluntary hird-party
certification standards (e.g., Roundtable on Responsible Soy (RTRS), Roundtable on Sustainab
Palm Oil (RSPO) or 4.) individual company commitm@htahSawmy et al., 2019; Garrett et al.,
2019) However the lack of implementation of zerdeforestation policies by the private sector has
hindered progress to halt deforestatiqghambin et al., 2018 herefore,some governmentbave

begun discussions to introduce mandatory supply chain due diligence policies banning traders from
importing ¥ T &-NJ &oinfodities (i.e., soy, beef, palail, cocod produced on recently cleared

land (Bager, Persson and dos Reis, 20Bigwever meaningful progress on deforestation is still
hindered by leakage to other biomes or commoditiddeyfroidt et al., 2018 and the lack of

traceability and transparendp monitor compliancgLambin et al., 2018)

1.1.3 The increasing importance of distant drivers that increase the complexity

of sustainable production and consumption efforts

Changingconsumption patterns enabledhrough the globalisation of trade are becoming
increasinglyimportant in both understanding and addressing drivers of environmental change
(D'Odorico et al., 2017%lobalisation of trade lead the last two decade® what5 Qh R2 NA 02
(2018)calls hS a T2 dzZNIIK T2 2 R NI @aahtitziand 2yyafityof ayai@Ndgobd A y 3
(Kastner et al., 2021; Pendrill et al., 2019bpdehasre-shaped global agricultural producti@md

rising income levelbaveled to an increase in the demarfior animal products such aseat, dairy

and eggoroducts Resourcdimited countries with high levels of animal production such as Europe,
Japan and China increasingly rely on imported feed such as soy, wheat afid/aomet al., 2018)

As animals are quitenefficient in the conversion of feed to foohepon et al., 2016pnimal
products have much higher greenhouse gas emissions, land use and water scarcity impacts

compared to plarbased alternativegPoore and Nemecek, 2018)

With globalisation of trad, production and consumption have become increasingly spatially
disconnectedErb et al., 2009)Due to this disconnection, changes in consumption patterns in one
place can trigger changes in land use and management in other gllaaedin and Meyfroidt,
2011)leading to direct and indirect environmental and social impacts (Pendrill 20480 Liu et

al., 2015; Liu et al., 2013For example, in China animzsed calorie consumption increased by

45% between 2000 and 2010 which required large impoftieed (mostly soy) making China the
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biggest global soybean importe35%;Zhao et al., 2021 As a result of this increased demand for
soy, China contributedonsiderablyto deforestation and ecosystem conversion in Bréiil et al.,
2013) Therefore, distant patterns in agdood consumption and trade have become key

determinants of global sustainabilif¥riis et al., 2016)

A lot of the impacts associated with animal products are due to feed cultivation which occupies
around 40% of global croplan@Mottet et al., 2017)and dominates with 6% deforestation for
agriculture, mostly due to soy, maize and past(Peore and Nemecek, 201&s along thevalue
chainmost impacts occur on the farifiPoore and Nemecek, 2018inport of feed products can

lead to the displacement of environmental impacts towards expooducing countries
(Vermeulen, Campbell and Ingram, 20123 deforestation and other ecosystem conversions are
major drivers of global biodiversity loss and further accelectiteate change, addressing feedstock
cultivation and trade is central to tackling biodiversity loss and climate changeisTikisly to
becorne even more important in future as the increase in animal products is expected to be the
biggest contributor tdhe increase in global food demand of-85% by2050(van Dijk et al., 2021,
Alexander et al., 2015)This is projected ttead to an expected further % increase of cropland
globally without further agricultural intensificatiofAlexandratos and Bruinsam2012) However

the increase in food demand is geographically distributed unequally across the(Alerk@ndratos

and Bruinsma, 2012)For exampleChina is expected to doublés ruminant meat and dairy
consumption from 2010 to 2050 making it then pessible for 46% of global soybean tradZhao

et al., 2021) Therefore, forwardooking land use and environmental impact models are needed
that allow to understand the consequences of changes in consumption and trade on environmental

impacts and futureesilience of agriculture.

However, the complexity of supply chains and the multitude of actors present across scales, make
it difficult to understand and predict consequences of changes in consumption and related policies
and trade patterng(Liu, 2017) In land system science, @2 y OSLJi 2 F WwWiSt SO2
suggested to study global sustainability and the interactions between socioeconomic and
environmental systems across scales, long distances and discitinieset al., 2016; Liu et al.,
2013) To further advance thiseld and guide global sustainability challenges, Hull and2018)

argued that future research should: (1) enhance traceability of global products so that consumption
can be linked to subational impacts of agricultural production, (2) identify traos between

local and global sustainability and Btermineunknown spillover effects.
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1.1.4 Private sector motivations and challenges to effect change

Multinational companies (MNCs) have grown in size and influence making them important actors
in the transiton towards global sustainable development outcorfsindtland, 1987)Companies

have realised the detrimental effects climate change and other environmental changes can have
on their businessefKareiva et al., 2015)n a survey among corporate leader$,% considered

I RRNBaaiAy3a GKS g2NI RQa o6A3I3Said OKFffSyasSa ac
their organization in the lontgerm (Ernst & Young, 20220 addition to concerns about negative
effects in the long term, motivations fotompanies to improve the sustainability include a)
governments regulations (especially driven by USA and Europe), b) competitive advantage (through
cost reduction and supply chain innovation), c) stakeholder expectations (especially in relation to
reputation and requests to improve transparency) and d) supply disruptions due to local resource
shortages or extreme climatic even(®'Rourke, 2014)As a response to these drivers many
corporations have set ambitious sustainability commitments which were furtecelerated
through the UN Climate Change Conference in 2@&ich commitments includgtatements to
eliminate forest loss from supply chains by 2030 (e.g., New York Declaration on Forests, 2014),
participation in international agreements such as Aiciud®ersity TargetgFolke et al., 2019;
Lambin et al., 201&nd those linked to theckenceBasedTargetsinitiative for climate(SBTi, 2022)

To date, more than 250 companies in the food and beverages sector have committed to set or
already have set sciendmsed targets for climatéSBTi, 2020However, despite these pledges,
progress on sustainability commitments is slow and changes inocae practices are not
sufficient to meaningfully tackle sustainability challen¢@blstrom, Williams and Vildasen, 2020;

NYDF Assessment Partners, 2019; Guerry et al., 2015)

One of the challenges for companies to affect change in their supply cisaiihatithe origin of
commodities is often unknown and methods to quantify aetpecific impacts (including land use
changecarbonemissionsSBTi, 2022remain under developmerfidké and Boiral, 2022\dvances

in satellite Earth Observation offer the ottial to monitor changes in the state efosystems such

as forest loss in near retime (Cord et al., 201@llowing the verification of compliance with policy

and privateindustry regulations more cheaply than before where field inspections would have
been necessarfAlixGarcia and Gibbs, 201 Hor example, in Brazil, the government encourages
through the Rural Environment RegistppftugueseCadastro Ambiental Rural; CAR) the collection

of the boundaries of properties which could be combined with &af f A0S RFGF G2 v

compliance tdBrazilian national policfAlixGarcia and Gibbs, 2017)
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However one of the challenges with the increasing availability of data through Earth Observation
is to translate this data into information that care incorporated into innovation and sourcing
strategies of companiefO'Rourke, 2014)Thecompanies for which it is hardest to identify the
origin and associated impacts of their sourced commaodities are matibnal manufacturers or
retailers as they areften geographically the most distant from production systems but also have
multiple tiers of suppliers between producing regions and their own company actif@aamelli

etal., 2022)InthisthesisL NB FTSNJ (2 (KS a-8dzR 5 Egicuyutaconodtidsh | 3
These endbuyers require decisicaupport tools that allow the monitoring and measurement of
direct and indirect impacts of their innovation and sourcing decisions on global larf@asei and

Liu, 2017; Bruckner et al., 2015)

1.2 State of the art in monitoring and assessment of international
supply chain impacts

1.2.1 Identifying opportunities to improve thsustainabilityof agricultural

systems

aSOKFyAavya (2 YSSi KdzvlFyiiteQa ySSRa F2NJ F2
agriculture (SIA), without converting more ecosystems are highly debReckstrom et al(2017)
argued 0 Kl & GKSNB ySSRa (G2 oS I LINIYRAIY &AKATFO |
impactsandtowardsagriculture becomingi K S & lardebt Bi@ed in the transformation towards
global sustainabilityg A G KA Y  WLI Iy STheshblButh@rstasRthailBls ghould focus
beyond improving local productivity and efficiency in natural resource use, and on improving
ecologichfunctions crucial for the resilience of agriculture against increasing global environmental
change(Rockstrém et al.2017) Suggested practical solutions include, for example, planning
landscapes as a mosaic of natural, seatural and agricultural land to achieve multiple ecological
functions and changing farming practidesreduce soil erosiofRockstrom et al2017) However,

there is a gap in terms of the data, indicators and metrics (especially for biodiversity and soils at
landscape scales) to monitor where environmental concerns that could be addressed with such
interventions are most prevalent, or whethdrdse suggested solutions are actually achieving their
anticipated outcomegCassman and Grassini, 2020pnsidering thatlifferent world regions are
different in their environmental and soceconomiccontext and therefore effectiveolutions for

SIAwill likely depend on local characteristi¢d/eltin et al., 2018)data and indicators are needed

to identify in which contexts specific interventions are required to achieve the desired outcomes.

20



Chapter 1 Introduction

1.2.2 Strategies for more sustainable sourcing of-egmmodities

Casidering that trade plays a major role for many global sustainability challenges and @#ab80
traded goods are sourced by mattational companie§UNCTAD, 2013%upply chains are key to

the achievement of Sustainable Development Goals. Comp@@uiainable sourcing practices can

0S RSTAYSR | a a@2ftdzydl NE LINF OGAOSa O2YLI yASa
YIEYlF3ASYSyld 27F KSA Norlakdon]Ldeghed bidil QambirQ BOPSPOXA). N84 €
focus in this thesis will be oresearchthat supports the sustainable sourcing of agricultural
commodities, and soybeans are selected as representative and globally important example as the
export commodity with the biggest impact on global deforestation and potential species loss

compareal to other commoditiegKastner et al., 2021)

{280Skrya IINB GKS ¢g2NIRQa Y2aid AYGSNYlIGA2yl ff
animaleed (COMTRADE, 202byt also other uses such as cooking oil and biofuel production
(Castanheira and Fre, 2013) From 2000 to 2020, the international trade in soybeans quadrupled
(FAOSTAT, 202Wiriven by the increasing demand for animal products in China and other
developing markets. This increase in soybean export largely came from BraZb)7B@rguay
(200%), USA (13%) and Argentina (10%) which are all among the five largest global soybean
producers(FAOSTAT, 202This acceleration in production lead to soybeans becoming one of the
key commodities driving most deforestation and natural vedjen loss globally (Pendrill et al.
2019h. As a response to the growing concern by consumers, governments, traders and multi
national companiegNepstad et al., 2014%everal supply chain policies were established aiming to

reduce detrimental environmdal impacts of soybean expansion.

1.2.2.1Landscaphurisdictional approaches

Out of a realisation that limited market share limits the effectivenafseco-certificationto tackle
deforestation and unsustainable resource use in the trof@arrett et al.,2019, landscape
approaches have been suggested as a more effective stratetheftsansition towards sustainable
production(Von Essen and Lambin, 202Cpnsidering that agriculture relies on ecosystem services
generated outside of the strict boundasef a farm such as freshwaterovisioningfor irrigation,

soil erosion controbr pollination the landscape scale is considered as more appropriate than farm
scale managemen(TEEB, 2018afommoditycentric landscape governance has emerged where
multiple stakeholders aim to address sustainability challenges related to commodity production

within a specific geographic aré@astos Lima and Persson, 20E)amples of this geographic area
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can befor soyat the scale of either an ecoregion or a biome sastthe Amazon Soy Moratorium,

or the activities of the Cerrado Working Groupxamples fopalm oil areat a subnational
jurisdictional level the 108 Roundtable Sustainable Palm Oil (RSPO) approach in Sabah in Malaysia
(Zu Ermgassen et al., 202Bocumg efforts on an entire jurisdiction or landscape provides the
opportunity to bring all relevant stakeholders together (e.g., smallholders, local government,
private sector) thereby addressing drivers of unsustainable land use outside of the farm such as
speculative land conversioBrandéo et al., 2020)However, there are challenges in the
implementation and operationalisation of landscape approaches. Firstly, existing power imbalances
between stakeholders can result in distant powerful actors (e.gerimational NGOs, western
consumers) dominating which sustainability concerns are being focused on such as tropical
deforestation rather than concerns of local producers such as loss of agrobiodiversity, access to
water resources or pesticide pollutigBasos Lima and Persson, 202@econdly, there is a lack of
monitoring of the outcomegVon Essen and Lambin, 202Iherefore, research is needed on how

to monitor outcomes of landscape approaches more holistically which include, besides those of

distant paverful actors, also the concerns of local actors.

In a globallyinterconnected trade market, policies restricting access to one region can cause
indirect effects such as the displacement of agricultural expansion to other rediffuosts to
reduce detrinental land use change whicfocus on few locations can displa@zosystem
conversionto other regions or commodities (leakage) as the ovarathmoditydemand remains
constant(Lambin et al., 2018; Garrett, Rueda and Lambin, 20B&) examplewhile the Soy
Moratorium decreased deforestation in tHérazilianrAmazonian biome, soy expansion increased in
the neighbouringsavannah Cerrad(Gibbs et al., 2015Additionally, bcal leakage catake place
whensoyfarmers deforest for the cultivation of crops npart ofthe Soy Moratoriunefforts such

as corn or cattle ranchin@ibbs et al., 2015Compliance to countrgpecific supply chain initiatives

2 NJ LIN2 RdzOA y 3  @efaeStatinYr&gylationa colldyafsa lead to leakage in other
countries(Le Polain de Waroux et al., 2018jima et al(2014)also argue thaany environmental
achieements in reducing deforestation in the Amazon coub# outweighed if it leads to
agricultural expansion in other ecosystems suclithasdry forest biomeChaco in Argentina and
Paraguay or the Atlantic rainforest in sowhstern Brazil. Howeveunderstarding these indirect
effects of policies in other locations affected by different regulations and ssdaomic
characteristics is challenginfl.evineSchnur, 2016)If efforts prioritise few geographies or
commodities, leakage to other commodities or geagghies is likelyMeyfroidt et al., 2018)In this

thesis, while analyses of the dynamics of land use change leakage and evaluating multiple
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commodities is out of scope of the quantitative research, | adopt a consistent approach to assess
impacts across mitiple producing countries and/or regions and bionesaccount for leakage to
a certain extent. Identifying geographic hotspots of impacts across producing regions and
connecting them to distant actors, allows identification of the responsibility ofradtar impacts
but also the targeting of interventions to those regions where they are most ne@@ezen et al.,
2019) Retaining a broader geographic scope in the analyses avoids missismytied geographic

hotspots such as Paraguay or the dry fot@kaco in ArgentinéGardner et al., 2019)

1.2.2.2Transparency as a tool to improve sustainability in global complex supply chains

Globalisationof trade hascreated complex supply chains wheregions of production and
consumption are often spatially disconnect@deyfroidt et al., 2013) Therefore, identifying the

origin of a purchased commodity and to which extent it caused local or global impacts during its
agricultural production is challemyg (Eakin, Rueda and Mahanti, 201Apwever, knowing where

the impacts are is crucially important to prioritise effortsitentify impact hotspotsand target
interventions. This complexity hinders ascribing responsibility among different actors such as
producers, producing governments, traders, manufacturers and retailers, and therefore ultimately
the effectiveness of supply chain governar(@ardner et al., 2019)As there is a huge spatial

G NRAFOATAGE Ay &a2dz2NOAY 3 NB Ibidliyeisiy ddmedell darboa 0 -
emissions), mapping sl G A2yt GNI RS Ft26a Aa ONMzOALFE ¥F
footprint (Green et al., 2019; Zu Ermgassen et al., 2020a)

Recently, novel technologies have allowed improvements in the ttiligaand transparency of
global complex supply chains. This includesghaiginally titled- Transparency for Sustainable
Economies Initiative (now known as Trase) of the Stockholm Environment Institute and Global

Canopy(Folke et al., 2019)Traseis a platform (www.trase.eartf) that provides actosspecific

information onthe links between trade and speciourcing regions and therefore provides an
important step towardseducing the complexity of assigning responsibility and roles for impacts
within commaodity supply chain®irahSawmy et al., 2019Tras€2 supply chains mapare created

by using a rangef different data sources such as trade data, tax informatgpping information

and additionalinear programming techniques to optimize transport distances between locations
producingcommoditiesand logistic infrastructursuch agorts, silosandcrushing facilitie§Godar

et al., 2016) This has allowed the connection of spoational jurisdictions (e.g., municipalities in

Brazil) that are producing commodities for export to be linked to the global markets buying those
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commodities depending on thesourcing volume from each jurisdiction. 3¢ NJ ¢ Ndnalid®@@ & & «
supply chain mapping focuses on key commodities causing detrimental impacts during production
(i.e. soy, palm oil, beef, cocoa, coffee, corn, chicken, cotton, pork, shrimp and wood nqulifhea
corresponding major production regions (i.e., Brazil, Argentina, Paraguay, Colombia, Ecuador,
LYR2Yy SaAil I;see tareSdetaldt it@sArde® eartit).

However, whilst providing information specifically on land use change and dedticeshas been

a key focus of Trase, a lack of consistent environmental data used to estimate environmental
impacts linked to those subational jurisdictions, hinders comparison of commodity footprints
across producing countries. While initiatives likeasEer raise awareness about sustainability
concerns such as deforestation among western consumers and-natidinal companies, they can

only be considered a first step towards a food system transformation that respects ecological limits,
according to Webeand Partzsci{2018) A challenge is that few leading companies currently
implement traceable or transparent supply cha{@sl Ermgassen et al., 2020Despite progress in
improving subnational supply chain mapping of commodities to better understandstiale
impacts, these are limited to few geographies, commodities and indicators. However, Gardner et
al. (2019)warns that as improved transparency makes some issues more visible than others, there
is a risk that those more visible issues are perceivethase important than other issues. For
example in the case of transparency in global agricultural supply chains, the focus on a) certain
indicators such as deforestation at the detriment of reducing conversion of other ecosystems or
monitoring other enviremental impacts, b) certain commodities such as palm rather than other
commodities like coconut grown in similar geographies like palm or c¢) specific countries or biomes
such as Brazil or the Amazon instead of other threatened biomes such as the Ches® well
studied countries like Colomb{&ardner et al., 2019)n response, a more systematic approach is
required to understand the impact of trade on multiple dimensions of sustainailagtner et al.,
2021) quantified consistently across a range producing countries to identify tradeffs and
synergies. Using such an approach to inform decisions can reduce the likelihood of decisions leading
to unintended consequences such as shifting the burden of production to other geographies or

dimensions obustainability

The different concepts mentioned in this chapter such as planetary boundaries, systems thinking,
transparency should be seen as complementary rather than one being superior to the other as each

concept has itadvantagedsn being able tochange practices towards sustainable society. For
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SEFYLX S WLX IySilFNE 02 dzyighligit & fidite watuie ofitkeSearth R @ |
(Whiteman et al., 2013), systems thinking stresses the complexity and the need to consider
unintended consequeres of interventiongSmall et al., 20213nd transparency of supply chains

allows to link the social (e.g., corporations, governments) to the ecological (e.g., forests) systems to

raise awareness and identify responsible actors (Gardner et al., 2019).

1.2.3 Awailable footprinting and LCA methods

Resource and emissioW T 2 2 §DtdNBbey/qgiiantified at the scale of sectors or nations using
EnvironmentallyExtended MultiRegional InpuDutput (EBEMIRIO) modelgLenzen et al., 2022;
Wiedmann and Lenzen, 2018)ternatively, environmentdmpactsof productsor processeslong

the entirevaluechain from agricultural productioto use and disposal can be accounted for using

a life-cycle assessmerft CA) pproach(Hellweg and Mila i Canals, 201#) this contek different
RSTAYAGAZYA 2F (KSali®hi NTF 2 2 yvRaneksgiide i dvirodhieital G
Footprint Accounting communitfVanham et al., 2019) F NBESt & dzy RSNR Gl yRa &
pressure indicatorsising a consumption perspectiviie majority of the Life Cycle Assessment
(LCA) communitjRidoutt et al., 2015)zy RSNBE G YRE aF220LINAyidaé¢ | &
footprints as LCAs reduced to a single impact aaasl G dzOG N1  |.yhRis theSi6)\Wll  H 1 ¢
use the term a referred to in the LCA community. In LCA, negative impacts are usually assessed for
multiple impact categories together, such as climate change, water scarcity and biodiversity
damage (Verones et a2017). In industry, LCA is an important tool to undérs Yy R | LINR F
ddzadr AyroAfAGRET &dzLlLX ASNRA SY@ANRYYSyGlt LISN
(Stewart et al., 2018)Widespread use by practitioners has also been facilitated through intense
efforts to harmonise and develop internatially-agreed standardglolliet et al., 2018; Ridoutt et

al., 2015; JR(ES, 2010; ISO 14044, 20@6) to provide accessible databases such as the world
food LCA databag@’eano et al., 2012)ffering detailed greenhouse gas emissions data for many
food products cultivated in corresponding key producing countriRscently, the use of LCA has

also been encouraged through several palicgking initiatives, for example in the European Union
(EU) with the Product Environmental Footprint (PEF) and the OegmmiZnvironmental Footprint

(OEF) developed for application in the private se¢iE, 2018, 2018ncreasingly both the public

and the private sector require their suppliers to provide-tifele based information about the
environmental performance dheir products (Jenssen and de Boer, 202@ditionally, corporate
initiatives such as th&reenhouse Gas Protod@V/RI/WBCSD, 2014)d the SienceBasedTargets

Initiative (SBTI) areecommending LCA methods for the forest, land and agricultural séator
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measure and reportonland F 8 SR INBSyK2dzaS 3IFa Syraaizya ;
2023).Despite the widespread use of LCA in public and private degisiding (Jenssen and de
Boer, 2019), LCA also has some limitationkil&\the multicriteria approach and the perspective

of the entire life cycle of products make€Astudiesa suitable method to guide decisianaking

this also increases thdifficulty in communicaing methods and results to neexperts as they can

be verycomprehensive in the environmental impact categories they include and thus require more
technical detaibnd language to descrilf®idoutt et al., 2015)Another limitation of LCA studies is

that comparability is often challenging as studies varyinassum@ y a = G KS waeadSy
processes and impacts are included) or the functional unit (@g.500gramme tub oimargaring

leading to the confusion of decisianakers (Vidergar et al., 2021).

While usually relatively wideanging in their coveage of impact categories, data availability can
limit the level of detail in the underlying resource and emission inventories reducing the
completeness of LCA studies, particularly for supply chains of agricultural comm¢@@iigar et

al., 2016; Finkbeker, 2014; Curran, Hellweg and Beck, 2024ey challenge in this context is that
farming practices are variable across production locations and commodities and their impacts are
highly dependent on local context such as climatic factors, soil type @iffiek zones around rivers
(Poore and Nemecek, 2018Jherefore, assessing environmental impacts in supply chains of
globally traded agricultural commodities needs to account for the heterogeneity in local
characteristics and the surrounding landscape wheoenmodities are growr(De Rosa, 2018;
Notarnicola et al., 2017; Hellweg and Mifaanals, 2014Howevermethods accounting for spatial
detail have only recently emerged in LCA, are often more-tirtensive to apply for practitioners

and there is stilh lack oftonsensu®n detailed methodological or data choicgZatouillard et al.,

2019) These choices can result in highly variable results for some environmental imparcts.
example for soyspecific land use changemissions tools developed for LCApractitioners,
reported at Brazilian national scalet5.6t CQ-eq./t soyeq. in the P | / L Y LI-(Rhink 0 2 2
Consultants, 20215.9t CQ-eq./t soyS |j . W[y! /¥YQ 0 b 2 Gl &d&1.7600-eq./fs®y H A M
Sl @ SRYC2®D LINA v (i Q 2081 $1xoftkakildRiensfid publi€atiphs whichaccounted

for the spatialvariability insoybeanLUC emissions Brazi| estimatesvariedat municipality scale

from 0.1-17.8t CQ-eq./t soyeqin Castanheira and Freire (2013) and-29147t CQ-eq./t soy-eq.

in Escobar et al. (2020yherefore to further advance methods accounting for spatial detail in
environmental impact assessment as well as in tools used by LCA practitioners, it is important that

sources of uncertainty and variability are betterderstood.
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As a complement to L&#ased approaches, an alternative method to study impacts of trade, are
LIK@AAOIE GNI RS | 002dzyiAy3d YRy LS abedddi My
and Lenzen, 2018; Henders, Persson and Kastner, 28461 Erb and Haberl, 2014jowever
similar to EEMRIO models, physical trade accounting methods usually use natewsdldata,
thereby ignoring variability in production practices and associated impacts (Pendrill2€1ah.
Increasingly, hybridpproaches are being developed which combine physical and monetary trade
flow accounting together with regionalised impact characterization factors from LCA to more
broadly assess environmental footprints across sectors and countriesGeotf,, West andsreen,
2018; Chaudhary and Kastner, 2D16he novelTrase data allows the quantification of
environmental footprints with a high spatial resolution, such as illustrated for water scarcity and
biodiversity footprints (e.g.Lathuilliére et al., 2021 However, existing studies on subational
environmental footprints of agricultural commodities have only assessed one or two impact
categories (e.g.Escobar et al., 2020imiting the ability to identify tradeoffs across different

dimensions of sustainatiji.

wSaSEkNOK FAYAYy3 (G2 LINRP2SO0 ¥Fdzi efNERY (BNISR/S NV R
land useare also limited in their ability to link consuming countries to-sational producing
regions(Bhan et al., 2021)These models can support pohlicyakers wanting to understand the
impacts of business as usual pathways, and the consequences of alternative actions and their
efficacy in achieving sustainable development objectiielére et al., 2020)or these resaah
objectives,market dynamics matter to the outcomes of these scenarios and therefore economic
general equilibrium or partial equilibrium models are typically appropriate tools for analysis
(Millington et al., 2017)An advanced model of this kind thaasibeen used commonly to support
land use policies, is the smlled Global Biosphere Management Model (GLOBIOM), a global
dynamic partial equilibrium model projecting land use into the future to 2@%Vvlik et al., 2013)
However to date, research inc@orating subnational supply chain mapping data into predictive
land use change models is only in its infancy and uncertainty in projected environmental impacts

remains(Soterroni et al., 2019)

1.3 Knowledge gaps

Building on the background and sustainapithallenges (detailed in sectidnl) and the state of
the art in monitoring and managing global supply chain impacts (detailed in sec@nthe

following section will describe the knowledge gaps which need to be addressed to support policy
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and practice. While advances have been made to generate novel data with unpnéeddietail,
a challenge is to convert these data into useful and actionable information for decisi&ars in

companies and governmen{®®ourke, 2014)

1.3.1 Regional detalil

Despite the importance of the spatial resolution of production for robust enviramalgootprints

of agricultural commodities, traditional LCA and conventional physical trade accounting methods
(Section1.2.3 typically do not cosider the variability in impacts across suéitional growing
regions. Existing studies analysing impacts atrstibnal production scale focus on a single or few
environmental concerns such as conversion of forest ecosystems (Zu Ermgasse@020al.
Pendrill et al.20190), carbon emission&arofalo et al., 2022; Lam et al., 2021; Escobar et al., 2020)
or biodiversity los¢Duran et al., 2020; Green et al., 2019; Chaudhary and Kastner,[201) not

make use of recent improvements in remote sensingviding global land cover maggSA CCI,
2017)or novel indicators of soil productivity lo€Sonderegger and Pfister, 202Assessing impacts

on soils is crucial to understand whether land is managed sustainably to produce food in the long
term and shold be included in LCA studies (Notarnicola et al. 2017). One challenge to improve the
spatial detail of footprints is that data are either not available (such as farming practices) or too
time-consuming to gather or generate (such as commesltgcific lad use change emissions
(Patouillard et al., 2019Another challenge to mainstream spatialsolved impact assessment is

that some available data, such as those provided by Trase, are not consistent with LCA standards
and thus cannot easily be incorpéea into the most popular LCA softwa(Blutel et al., 2019)
However these software programmes are widely used by companies to calculate greenhouse gas
emissions they report ofBSI PAS, 2012)herefore, more research is needed that integrates spatial
data and methods from a variety of research communities to provideistamg data that can be

integrated into mainstream LCA software or databases used by practitioners.

1.3.2 Geographic coverage

Despite the importance of distant consumption and trade patterns for global sustaindbility et
al., 2016)and the interconnectedness of markets (Meyfroidt et al. 2018Yjdte comprehensive
(multi-country) and consistent assessments of sational environmental footprints linked to
commodity consumption are scarce. Existing studies onnstiional environmental footprints of

commodity consumption have analysed one or two countries in isolation such as Brazil (e.g.,
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Lathuilliere et al., 2021; Flach et al., 20E8cobar et al., 2020r Indonesia (e.gLbam ¢ al., 2021,

but ¢ beyond tropical deforestatioi there are a lack of studies providing consistent analyses of
multiple subnational producing regions. A challenge here again is availability of data which often
limits application of finescale data and ethods to datarich countries such as Brafiiniz et al.,
2013) Nevertheless, to support international trade agreements and rmaitional companies with
global supply chains, a supranational scale is required for angBBan et al., 2021 5uch angkes
would help to prioritise actions by highlighting regions requiring attention and by recognising
potential of burden shiftindBager et al2021) which would ultimately allow improvements in the
sustainability criteria of trade agreemen{&ehoe et al. 2019)and of corporate supply chain
policies. A better understanding across landscapes of the links between trade and global
environmental concerns like deforestation, biodiversity loss and soil degradation would help to
guide actions to achieve globalstainability goals such as eliminating deforestation from supply
chains (Lambin et al., 2018)and achieving Aichi biodiversity targets and the Sustainable
Development GoalKastner et al., 2021A more holistic and muitndicator analyses would also
help to identify tradeoffs and synergies which is encouraged through the framework of the SDGs

(Nilsson et al2016).

1.3.3 Lack of intercomparison, high uncertainty and variability

While a lot of research has focused on understanding variability and unagriaienvironmental
impacts of agricultural products due to farming practices and spatial variability in local
characteristics, less is known about how methodological and data choices affect estimates of
environmental impacts. In this context, it is impamt to differentiate between uncertainty and
variability: whereas uncertainty can be reduced through further research, variability is due to actual
differences between producing regions such as soil properties or climatic conditions (and therefore
cannotbe reduced with more researclsteinmann et al., 20340ne of the most highly debated
aspects related to estimating environmental impacts of agricultural and food products are LUC
emissions(Sevigndtoiz et al., 2021)LUC emissions can have a substamtiatribution to the
overall lifecycle emissions of a product (such a€286f the total in the case of Brazilian soybean

oil; Liao et al. 2020). Despite the importance of this issue, and the wealth of studies about LUC
emissions, there is still a lack oonsensus about methodologies in LCA (De Rosa, Pizzol and
Schmidt,2018). As a result of this lack of consensus, results can be highly variable between studies
and up to now it is not clear to what extent these differences are due to methodologicakshoic

different data sources varying in spatial resoluti{@onke et al., 202Q)r underlying assumptions
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(Garofalo et al., 2022While the range in LUC emissions is comparatively well underslesslis
known about the range of other environmental impaaib agricultural commaodities or which
factors affect this range. Therefore, understanding how methodological choices, different available
datasets and alternative assumptions affect the variability in impacts from land and water use and
LUC for productionjs crucial to provide accurate estimates of environmental impacts. This
uncertainty extends t@redictive land use change models, where thaltitude of available and
often complex modelling frameworks make it difficult to understand whett#dferences in
modelled results are due to underlying data, assumptions or models. Therefere| et al(2019)
alsoargued in their review that there should be more intercomparison and harmonisation between

different land use change modelling approashe

1.3.4 Bridging the gap to implementation

Despite the acceleration of research since the Millennium Ecosystem Assessment report in 2005,
raised awareness and frequent conversations about sustainable development of ecosystems
among decisiormakers within multnational companies and governmenisiplementation of this
sciencewithin decisiormakingis stillat anearly stage despite the urgent need to #&hlstrom et

al., 2020 Guerry et al., 2015; McKenzie et al., 2phlistrdm et al(2020)referred to this gap as
IKS YOBSRNRIZ BHAK &I fwhekebidsiDess/pyattiCes &e not based in the reality of an
increasingly resource scarce world affected by increasing global risks due to climate and global
environmental change. As the majority of environmental impacts ofagrimodities emerge from
supdy chains, measuring and managing sustainability in global supply chains is especially important
(Thorlakson et aR018). While the science of supply chain sustainability has been advanced through
improvements in transparency and traceability, data cditet and additional indicators (e.qg.,
biodiversity), converting this data into useful and actionable information for stakeholders from
NGOs, multhational companies, governments and consumers is challer(@®purke, 2014)
Althoughthe multi-criteria agproach of LCA makes it more suitable to support decigiaking, this

also makes the results more complicated to understéiddtarnicola et al., 2017Yhe diversity of
methodologies, data and assumption has led to variable results, uncertainty and tbosfteion,

threatening the credibility of LC@Ridoutt et al., 2015)

¢2 FRRNX&aa O2YLX SE 3t 20l &adaAadlAyloAtAade OKI
LINE RAZOGA2YQ Ay @2f @Ay 3 -ata@emiesShesibden sufgesigdhigketal) & A |
2012) This allovg the incorporaion of & i I { S K 2 f R S NBEg®hatyth§ SeRefoped gseatoNi Y
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is useful and empower decisiomakers to ac{Cowling et al., 2008Particularly for supply chain
sustainability, tools are urgently needed that can convert data into meaningful information
supporting decisions of retailersnanufactures and consume®©®ourke, 2014) Research is
needed that explicitly engages with stakeholders in companies and NGOs to identify challenges in
the implementation and identify how existing decision support tool such as LCA can be improved

to help in the transition towards sustainable supply chains.

1.4 Aims and contribution

Despitethe urgent need to produce commodities more sustainably and the acceleaatithbility

of data, tools and methods aiming tprovideinformation about environmental carernsin supply
chains the implementation of this knowledge into decistoraking idagging To bridge this gap,

the overall aim of this thesis is tmderstandopportunitiesto improveestimaies ofwater- and land

use (changejmpactsof agricultural conmoditieslinked to subnationalcomplex supply chaigata.

The specific research question of each results Chapter contributing to the overarching aim of the

thesisarelisted inTablel.1.

This thesis contributes to existing research firstly by identifying the challenges in bridging the gap
from science to implementation and the contrasting perceptions on data requiremenrtstfiose
advising enebuyers.One challengevith developingknowledgeto inform decisionss to balance
simplicityto avoid iractionwith acknowledging the complexity required &@countfor longterm

supply chain sustainability. Here, | chose a qualigatipproach texaminewith end-buyers what
additional knowledge they need to take action to improve the environmental sustainability of
agricultural commodities within global complex supply chains. For atepth exploration, |
conducted semstructured interviews and focus group discussiomsth manufacturers and
retailersbut also those actors advising them on sustainability concerns sudG@s, consultancies

and certification bodie$Chapter 2)

Secondly, this thesis seeks to respond to severd@leéndbuyer requirements identified, and adds
value to existing research by demonstrating that environmental impacts of commodity production
are not only highly spatially variable for land use change emissions and biodiversity but also for soil
productivity loss and water scarcity. To demonstrate this, | linkebtnational trade flonmapping

datato existing indicators of water and land use (change) impasitsgspatial data analyses and
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LCAprincipleswith which many industry representatives are familiar with. For comparison across
producing countries, | used consistent data and indicators across the three major soybean

producing regions oArgentina, Brazil and Paragu@hapter 3)

Thirdly, this sidy contributes to existing research by identifying sources of variability and
uncertainty inthe estimated impacts of using water and land use (change) in commodity supply
chains which will inform the ongoing debate on how to assess and mitigate thendetal impacts

of trade and agricultural production. Improving this knowledge will also help industry to navigate
the challenging complexity of supptfain sustainability and available tools, data and methdds.
achieve this, | analysed the sensitivifitiie estimated results to different methodological and data

choices taken in the application of the LCA methods (Chapter 4).

Finally, I contribute to the methods that underpin predictive land use change models by
incorporating suknational supply chaimapping data to help understand possibilities to reduce
uncertainty in modelled land use change patterns associated with different consuming countries.
(Chapter 5).
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Introduction

Tablel.1. Sumnary of research questionsdm individualChapters

Chapter 2

Building on the recent subational supply chain mapping data thatere
developed to help reduce tropical deforestation, what knowledge is neede(
end-0 dz& S NB&E QmaRiSgQoicansid@ey/environmentalistainability in comple)

global agricultural commodity supply chains?

Chapter 3

If we incorporatesub-national trade flowmappingdata and LCA principle®
provide a more holistic assessment of environmental sustainability linke
current commodity production systemgspecifically soybeanywhat do these
methods tell us about thepatialdistribution of supply chaimrmpactsand their

potential tradeoffs?

Chapter 4

How sensitivéo methodological or data choices astimatesof theimpacts (and
assotated tradeoffs) of water and land use(changéhked to sub-national

soybeansupply-chairs?

Chapter 5

What are the implications of using suational supply chain mapping data
economic models that project future land use changéwith an examplefor

soybeans illustrated for Argentina)?
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1.5 Structural outline of the thesis

Following this introductoryChapter, this thesis is organised as follows: Chapter 2 presents the
findings of semstructured interviews engaging with stakeholders autiressing the guestion of

what knowledge endd dz8 SNE AR aWR2NBX¥Y2RAGASA NBI dzA-NB i
national supply chain mapping data and improve environmental sustainability in complex

agricultural supply chains.

Chapter 3builds onthe insights gained about a need for a holistic environmental sustainability
assessment in Chapter 2, by linking sational trade flows to impacts of soybean production on
land use change emissions, biodiversity damage, water scarcity and soil pragutiss,

consistently across three producing countries.

Chapter 4ANBa L2y R& (2 GKS ARSYGAFTASR aidl {SK2t RSNA
impacts by testing the sensitivity of the results of Chapter 3 to different methodological and data

chaices as well as assumptions on farming practices.

Chapter 5 relates to the stakeholder needs in terms of wanting to understand how environmental
impacts might evolve in future, by exploring the effect of incorporatingrsaiiional supply chain

mappingdata into a predictive land use change model.
Chapter 6 discusses aspects which were common across all pr&@riaptes, highlighslimitations

of the research in this thesislescribes what this means for future researcnd illustratesthe

implications of these findings for practice and palicy
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Chapter Stakeholdeinterview

Sustainability challenges in complex global commodity chains:

Insights from stakeholders and implications for future research

Abstract

Companies have made ambitious commitments to source agricultural commodities sustainably to
protect natural ecosystems. However, identifying effective solutions to meet these commitments
is particularly challenging in complex globadi supply chains. Despite rapid advances in the
availability of tools and methods aiming to convert data into useful mfiion about
environmental concerns, the implementation of this knowledge into decisiaking is lagging
behind. There is an urgent needfiad out how science could be improved to accelerate progress
towards more sustainable global supply chains. Hezgplore how different stakeholders involved

in shaping decisiomaking within globalized supply chains themselves see limitations in knowledge
YR o6F NNASNE (2 LINE INEEHRA AV Q1 Q3 préseiRitienviesd and 02 v
focus goup discussion data aghanufacturers, retailersNGOs and data providers. Stakeholders
observeda need for more research and guidance on how to identify and manage-trifsl@nd
unintended consequences across different dimensions of sustainability stBkgholdersalso
articulated a desire to better understand how to affect change on sustainability challenges in the
system of globalized supply chains. Future research needs to identify the most effective strategies
for different actors to achieve collegg progress and use scarce resources more effectively to
maximize sustainability outcomes. To adjust the research agenda towards one that is more useful
in practice, more interdisciplinary research and closer collaboration between science, policy and

busiress is needed, facilitated by researchers and NGOs.
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2.1 Introduction

The global food system is a key source of greenhouse gas emi@alidlest et al., 2019and the
biggest driver of biodiversity loss, ecosystem conver@iBBES, 202030il degradatiorfPimentel

and Burgess, 2013)nd water consumptiofiHess, 2021)it is also likely to be worst hit by climate
change, natural resource scarcity and land degraddfoctkstrom et al., 2020n response, muki
national companies and governments are seajttargets and taking action aimed at tackling these
challengegSBTi, 2020For many companies in the afpbd sector, however, thelargestimpacts

on carbon and biodiversity take place within their supply chains and therefore outside of their direct
control (Tidy, Wang and Hall, 2016)

Given the contribution of land use change to climate change and biodiversityntass, multi
national companiefiave made commitments to eliminate deforestation and the degradation of
natural ecosystems from their supply chaihambin et al., 2018; Donofrio, Rothrock and Leonard,
2017) The size and influence of mutiational companies means their sustainabiligyronitments

are critical(Kareiva et al., 2015However, despite ambitious goals, deforestation rates have not
reduced(Curtis et al., 2018)iodiversity loss is continuing globa{piaz et al., 2019hnd food
related greenhouse gas emissions have maluced to levels necessary to limit climate change to
1.5°C(Willett et al., 2019)

In practice progress on the implementation of commitments is hindered by globalisation of trade
(LyonsWhite and Knight, 2018)which has increased the spatial distaraz@ number of actors
between consumption and agricultural productifiriu et al., 2015; Liu et al., 2013his complexity

is making it challenging to understand the origin of products and associated in{@aar et al.,
2015) In this context, transparey is a crucial prerequisite to identifying the different roles and
responsibilities of actors in the systd@arrett et al., 2019)Many supply chains lack transparency,
which is partly due to limited traceabiliZzu Ermgassen et al., 2020&nprovingtraceability is
most challenging for commodities which are traded internationally in large quantities and have
complex life cycles such as palm oil, soybean and (&edar et al., 2016Progress is accelerating

in improving the traceability and transparey of supply chaing&Gardner et al., 2019But, with any
increase in data comes a concurrent need to make sure this is translated into actionable
information for decision makers. However, understanding of how best to translate this type of data
into mearingful information that can guide more sustainable decisions remains la(kaingoter et

al., 2018; @ourke, 2014)To understand environmental impacts linked to commodities, not only
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are improvements in the understanding of commodity origins requiredabso improvements in

the measures of the impacts taking place within production regions.

An increased interest in the measurement and analysis of the consequences of decisions in product
design and procurement on the natural environment has led to ¢neergence of Life Cycle
laasSaaySyd o[ /10 FYR LINRPRdzOG WTF220LINAYGAY3IQ
applied to translate data into useful information to support manufacturers and retailers
(Wiedmann and Lenzen, 2018; Othoniel et ab1& Hellweg and MilhCanals, 2014 However,
improving regional detail and the robustness of environmental impact metrics to increase their
relevance to consumers and producers remains a challdrgg et al., 2020; Chapliiramer et al.,
2017; Hellwe@nd Milal Canals, 2014Recently, advances in scientific understanding, computing,
visualisation and data availability have allowed a number of improvements: Firstly, the ability to
widen the sustainability concerns that can be considered such as carbmsiongEscobar et al.,
2020) biodiversity(Verones and Moran et al., 2017; Chaudhary and Kastner, 2016; Mueller, Baan
and Koellner, 2014)water scarcitfBoulay et al., 2018, 2018; Hoekstra and Mekonnen, 28a4a)

soil erosion(Sonderegger, Pfisternd Hellweg, 2020, 2020; Stoessel et al., 20B)condly,
enhanced accounting of spatial heterogeneity in environmental characteristics -atatigmal level
(districts, provinces; e.dLathuilliere et al., 2021; Green et al., 2019; Flach et al., 20m&yly,
regular updates linked to changes in environmental state in production landscapes through the
integration of near reatime earth observation data to monitor progregblarris et al., 2021)
Importantly, this information is now relatively accessilite endusers, including via publicly
available platforms such as Global Forest Wdtélobal Forest Watch, 2020\Vater Risk Filter
(WWEF, 20200r Trase(Trase.earth).

However, despite these advances, implementation into decigiaRing is slowWGuerry et al. 2015)

There is a lack of urgent, largeale transformative change in corporate practice required to stay
within a plaslB G I NB  WwWal TS (FdKs dlal ROIPThisiHal @éhQeferred to as an

WS 02 @AM NI G S (ARIstranCep ey, P& @nitise literature, several factors have been
described that help explain why improved knowledge has not resulted in improved
implementation: A lack of academic ity to develop science that is applicable in practice
(Ahistrom et al., 2020) 'y WSELX 2aA2yQ 2F RFGF YR AyTF2l
chains that has the potential to lead to further confusion and resultaraation (Gardner et al.,

2019) the challenge inherent in ascribing resporigip to various actors along complex value
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chains from producer to consumer, which limithe ability for an individual stakeholder to
undertake meaningful chang&akin et al2017). There is also debate in the scientific community
about how much simpii€ation is required to translate complex information into guidance for

decisionmakers(Schindler, Graef and Konig, 2015)

To tackle the complexity inherent in such systemic problems, it has been suggested that a more
inclusive approach is needed that incorporates the perspectives and influence of multiple
stakeholdergDeFries and Nagendra, 201Additionally, Schréter et a{2018)have argued that
research on interregional sustainability at the sciepodicy interface should focus on determining

the level of detail that is possible based on current data availability but also necessary to inform
policies. As an approach taridge the gap between science and action on sustainabitity,
productionof knowledgeis gaining popularit{Schneider et al., 2019Herebyco-production is

RS T A y Sdntribution dPinultiple knowledge sources and capacities from different stakerisold
spanning the sciengpolicycsociety interface with the goal of @wveating knowledge and
information to inform environmental decisiofil 1 A yDj@bntin and Meadow, 2018)
Additionally, sociakcological systems (SES) thinking etntially useful concept to help bridge

the divide between science and corporate sustainabpitgctice (seee.g.Ahlstrom, Williams and
Vildasen, 202D In the context of food, systems thinking focuses on the interactions and dynamics
betweenthesystée Qa4 RATFFSNBY (G O2Y LRy Sy (T&EBR, Z08p)3 (G KS S\

This paper describes a -pooduction process which through stakeholder interviews aimed to
identify ¢ from the perspective of entbuyers (here, manufacturers and retaileis}he primary
motivations that endouyer companies have to measure their environmental sustainability, which
methods or data they have available and particularly the limitations they experience with existing
data, methods and tools in their application to decision mgkihe focus of this study is on how
sub-national trade flow data enabled by increases in transparency and traceability can be used to
improve the spatial granularity of existing footprinting ah@Aapproaches.| also wanted to
determine what emerging stiainability concerns these eduliyers have which are not currently
adequately supported via the provision of sustainability information. Finalyplore what future
research could focus on to ensure that decisinakers can have greater confidence thheir
actions will lead to positive sustainable outcomes via the identification of todfde synergies and

unintended consequences of decisions.
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2.2 Methods

2.2.1 Primary Data Collection

Through qualitative data gathering methoti&anted to gain rich and depth understanding of

the different perspectives of various stakeholders along complex supply cB@isemistructured
interviews and two focus group discussions (FGDs) were cteati(icable2.1; Figure 9.1; Table S

1.1). Initialinterviewees were selected based on their ability to provide meaningful insights from
their professional experience within consurdacing companies like manufacturers and retailers.
First, | interviewed manufacturers and retailers about their specific information needs and
underlying motivations (Phase A Trable 2.1; Figure 2.1). An insight from this first phase of
engagement was that their motivations and concerns were in part shaped by NGOs who act as
advocates for their decisiemaking §ee Figure2.2). | therefore also interviewed selected relevant
NGOs (Phase BTable2.10 ® ¢ KANRf & & AdG o6l a NBOSIFfSR Gf
to provide information, | then talked to consultancies and certifiaati bodies involved in gathering

data in the supply chain (Phase CTable2.1). By adopting this iterative interview processyas

able to narrow dwn the core issues acting as barriers to implementation, develop an
understanding of the research gaps most relevant to practice (described by companies and NGOs)
and feasibility depending on data availability (determined by consultancies and certifiers).
Interviews and FGDs lasted-80 minutes depending on the availability of the participant and
usually took place via phone or Skype/Zoom, with sorageirson. The purpose of the interviews

was sent in written format to participants in advance of the megtimith interviewees also be
offered anonymity (se@able2.1 for abbreviations used here). Primary data collection took place

between January and May 2020.

! International NGO representative, conference call (7 May, 2020)
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Step 1

| Phase A: Interviews and FGD with manufacturers and retailers |

Snowball-

mpling

Step 2 l Phase B: Interviews and FGD with NGOs I

sampling

| Phase C: Interviews with consultancies and certification bodies l

Step 3 Data analysis
* Transcribing of all interviews
* Thematic content analysis to identify codes and themes
(based on discussions with supervisors)

Figure2.1. Process flow diagram describitite steps taken to identify participants (in orange),

gather data and analyse the data.
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Table2.1. Overview of interviews and focus group discussions (FGDs) conducted

Type of actor Number and type | Number of Number and type of
of data gathering | organisations| participant
method
(interviews/FGDs)
Phase A Companies
Manufacturers Sinterviews and 1 | 4 6 (Sustainability
(M)? FGD Manager/Director,
Sustainable Sourcing
Manager/Director)
European 5 interviews 5 5 (Sustainability Managel
retailer| Sustainable Sourcing
Managers, CSR Manage
Phase B NGOs
European 3interviews 3 3 (Program Managers)
centred NGO
Global NGO linterviewand1l |1 4 (Sustainability
(N) FGD Directors, Program
Managers)
Phase C Data
providers
Consultanas 4 interviews 4 4 (Sustainability
| Consultants, Partner)
Certification 3interviews 3 3 (Program Managers,
bodies (CB) Director)

Note: To ensure anonymity, names of specific organisations were omitted.

Relevant manufacturers and retailers for Phase A were identified through their use of certification
standards (such as thRoundtable on Sustainable Palm Oil (RSPO) as mentioned on publicly
available websitegDonofrio et al.2017), commitment to sciencéased greenhouse gas emission
targets including their supply chai(8BTi, 2020Q}heir association to the food and beverages sector
and sizeable market share (and therefore responsibility). Snowball san{plattpn, 2015)wvas

then used to identify further relevant interviewees, particularly in Phase B and CTéd#de2.1).
Interviews and FGDs were both sestiuctured (guided ¥ six operended questions) which
allowed flexibility to ask further followap questions depending on the existing knowledge or
experience of the interviewee (sdéelding and Thomas, 2012nd section S.1 Supplementary

Information Chapter P

2 Abbreviations of types of actorssed throughout the publication to anonymise interviewees
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2.2.2 Data Analyses

Interview and focus group transcripts were coded by the laathor into broad categoriedn a
second round of more idepth coding, findings were further classified into major emerging themes
(Fielding, 2012)Thesethemes included motivations, specific sustainability concerns, type of
action/decisions,unintended consequencesnd limitations of existing methods and barriers to
implementation An overview of the detailed codes and how they relate to the themes can be found
in Table SL.3 in the Appendix | used thematic content analysis to iteratively refine themes and
codes(Whiteman and Cooper, 2016ased on research team discussig@®rtner et al., 2019)A
general inductive approach tanalyse the qualitative data has been applig&infgeldConnett,
2014)to allow flexibility to find themes or codes in the raw data which were notdefined. In the
analyses and interpretation of the datigaid particliar attention to the similarities and differences

in the perceptions between the different types of actors (8=ddy and Kruse, 2019

2.3 Results and Discussion

Interviewees were asked to consider atfenvironmental sustainability concerns within producing
countriesend-buyers perceive as relevant for their own organisation. In partiduasinterested

in their views on approaches or solutions to bridge the gap between knowledge and
implementation of activities to address these sustainability conceedid2.3.1 presents the key
themes frommy data analyses on the motivations and drivers of dngers to take action on
sustainability challenges in globalised supply chains. Se2t®Badescribes thekey decisions for
which more robust scientific evidence is needed to support-bagers. Sectior2.3.3focuses on

the areas for which entluyers woull like to have more scientific evidence to ensure their decisions
are sustainable in the lorgrm. Sectior?.3.4focuses on understanding the specifimitations of

the existing science in supporting decisions of -eogiers. Section2.3.5 considers how
collaboration to tackle systemic challenges can be supported through science. All findings are
discussed in the context of previously published sciientiterature. | use quotes from the
interviews to illustrate the most pressing knowledge gaps and concerns identified among different

stakeholders.
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2.3.1 Motivations for enebuyer companies in sefational environmental

sustainability information

To identifythe knowledge that would be most useful to guide decismaking,| first wanted to
understand why downstream companies in the &god sector want to understand the origin and
associated environmental concerns of their commodities. During the resaabgtame clear that

the motivations depend on the location of companies along the supply chain, their size and
consumer audience. However, four main motivations were most prominent: (1) Pressure from

2 S30GSNY bDhasz 6HU Ay SNYthiig and 2hérabg retaih and attitagt R 2

employees, (3) securing future supply and (4) investors wanting to reduce their risk.

My interviews suggest that the motivations of ebdyers are influenced by NGOs, as illustrated via
the response from a represerttge of one retailera 52 L NBFff& OFNB & KSN.
FNRY G GKS Y2YSYydK wX6 b2z y20 NBFffe O dz ¢
GSttAy3a YS (KIG GKSNBQa I(RAINRIilarEo hab bdasctibedS R
G2 bDha Ay 3Jft206lt SO2y2YAS &ethical beltaviod(ivebérGakKdR 2 3 ¢
Partzsch, 2018)Amongmanufacturers, who are closer to production and demonstrated longer
term thinking, ensuring security of supply in future becomdswant additional to other factors
such as price and quality. As one manufacturer explained:
a!'a wXe | O02YLkye GKFG RSLISYRaA 2y | ANAKC
[environmental] impacts are and we have to work to mitigate them if we want to be
LINBLJI NBER F2NJ GKS TFdzidzZNB adl dSa (MF GKS g2 N
Inmyreading, therefore, the underlying motivations of companies are shaped both by science but
also by the influence of NGOs present in the societies in which thesbgreds are operating in

(seeFigure2.2).
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2.3.2 Solutions which need more suppdrdm scientists working on supply

chain transparency, traceability and associated environmental concerns

2.3.2.1Commodities traded in complex supply chains

The more complex a supply chain, the more actors sit between thebagdr and the producer

and thus hardeit is to get reliable information on the origin of the trade flows. Knowledge of the
origin of supply chains is, however, crucial to identify effective strategies to manage sustainability
challengeqGardner et al., 20194l endbuyers thatl interviewed in this study mentioned that
iKS&@ NBIdANB SEGSNYyLFf GNIOSFoAftA(GE AYyTF2N¥IGA
'yR adz3lI NX» ¢KAa g a RSa@GnNBeddSdrsoyda chizkgrSandybeey. diz¥ |
[trade flow models] could ungk that, that would be super helpful. Because those supply chains,
we@e always very much a distant end user opbgducts 6am0O® LYy O2y iGN ad=x
that for less processed products such as coffee, cocoa or tea, supply chastsoaer and less
complex and thus it is easier to get the information they would like to have through engagement
with their own supply chain. Most manufacturers mentioned that they have to prioritise their
sustainability activities depending on which pratikiare most important for their businessThe

level of detail they require on the origin of the commaodity also depends on perceived concern

within the region in the world where it is produced, as one manufacturer illustrated:

O2 Ny UKL G Q&nitalsRitgsywekah prabely classify that as a pretty low risk
GKIFG ¢S R2y QO ySSR (G2 62NNEB (22 YdzOK I 0:
O2yGNRtA Ay LIXFOS G2 YIylFr3S (GKS adzaidl Ayl
0KIF Q& bF2 bt ofichhRois land checks in place alrebdy ¢ a n 0
In my interpretation, this illustrates that a need by eitiyers for better information about the
sustainability of agricultural practices depends on the sourcing region and the commodity in

question

2.3.2.2Certification to improve production practices

Most endbuyers see certification systems like RSPO, Roundtable on Responsible Soy (RTRS) «
companyinternal schemes as important tools to manage their risks. Some companies showed a
deep trust in thesechemes as illustrated by one retailérrL. R2y Qi ySSR (G2 NAa
1y2¢6 (GKFG GKS adzldld ASNI A& 32 A Y JR1)0 Howekdr, @ter § 2

3 International NGO representative, conference call (May 7, 2020)
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respondents were more critical and aware of the limitations of certificationll@striated by one

manufacturer:

GLF &2dz 221 i wO2YLIye AYyOGSNYyILf OSNIATFA
all about the action you should take, and not measuring the outcomes of those actions. So,
there is then the belief that sustaino f & a2 dZNOSR Sljdzrfa o0SGGSN
ySOSaal N2 LINR DSy v

Also, all consultants were aware of at least some limitations of certification as a means to improve

sustainability. As illustrated by one consultant:

! Ol dzl f t ddze INKEE® @y Rw{t hod ¢KSy w{th Aa y?2
OKIy3aS |yeldKAYy3Id tfdzas AT @&2dz F Obdza tte f
0KSNBEQa w{th OSNIAFASR LIfY 2AftQd .dzi GK
R2VQ®® g6 6KSNB GKS T22R 02YS&a FTNRBY YR 6KSI
(C4)
We interpret these quotes to mean that certification is commonly uselbspite the recognised
limitations ¢ because many enrbuyers find it straightforward to affecthange on choices that are
under their direct control €.g. asking suppliers to buy certified commodities) in comparison to
attempting to exert influence multiple tiers down the supply chain. Additionally, certification can
be used as explicit evidence thetir external stakeholders that they are taking efforts to improve
the environmental sustainability of their supply chains. In this regard, research could help to
provide endbuyers with alternative approaches besides certification to evidence the subitttya

outcome of their efforts.

2.3.2.3Directing investment in landscapes

To promote more sustainable production, actors need to know where, when and what to do about
problems to ensure that their efforts actually lead to letegm sustainability outcomes. To
understand which geographic areas are in particular need of enhanced attention, supply chain
transparency can be helpf(Gardner et al., 2019However, among interviewees there was debate
about how much traceability is needed to affect sustainabilitydfgs of commodity production.

As one international NG@ommented dYou need maybe to stop putting so much money in
(NI OSFoAfAGE FyR Lldzi Y2NB Y2ysa Ay | fFyRaOI

(N1). Several NGOs, manufacturers and retsili@terviewed saw directing investment into certain
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producing regions as a promising solution to improve environmental sustainability. As one retailer

commented:

G¢KSNBQa y20KAy3 &2dz Oy R2 |o2dzi Ad 0o6SO0l
wke @2dz FNB 3JI2Ay3 G2 ad2L) dKFdG Aa GKS ¥

announcement inthe CerraiN S 3A 2y (R4f . NI T A f ¢

> O(

)

Several NGOs agreed with this statement about the importance of financial compensation to
NB RdzOS R S whildnk &till havie sd@ngthirig that is more profitable than keeping the forests,
6S gAftf KI @S REowevedBnfoimation i thied neédedvabobt which regions are
best to invest in, as otherwise as one interviewed consultant warneg ¢the unirtended

consequences might be rather that they [@mayers] invest in the wrong plac€C4)

The quotes suggest that, to make landscape or jurisdictional approd@beel 7utive, there needs

to be careful attention put to ensuring that their pathway itoplementation is not limited by the
same pitfalls of current commodity certification systems. One of the consultaspgske to saw
landscape approachedecause of similar limitations as certificatigpnly as an intermediate step
towards a more effedve alternativé. Certification is limited by a lack of rigorous enforcement and
monitoring but also a scarcity of empirical studies measuring the impact of certification on
sustainability outcomegFurumo et al., 2020)To be able to identify if the ingement leads to
sustainability outcomes it needs to be clearer how practices would be encouraged, progress
monitored and performance measured. Providing data to regularly monitor performance at low

cost remains a challenge.

2.3.3 Priority concerns

2.3.3.1Environmenthsustainability: Balancing need for complexity with simplicity

The environmental sustainability concerns most frequently mentioned by interviewees linked to
commodity sourcing were greenhouse gas emissions, deforestation and ecosystem conversion,
biodivesity loss and water consumption. Opinions on a need to consider multiple sustainability
concerns in contrast to focusing on a single concern varied between stakeholders. Whereas some
interviewed NGOSs, retailers and consultancies argued that out of pragmatiore simplicity is

needed, others thought that multiple sustainability concerns should be considered together to

4 Ecologically important savannah ecoregion in Brazil
5> Consultant, representative, conference call (April 29, 2020)
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avoid unintended consequences. One consultant stressed the simplification in which sustainability
was taken forward by many retailersinBpe:a L G KAyl fFNBSf& (2 GKS C
0SSy NBlIffe AAYLEAFASR YR Ay (G4SN¥xa 2F Sy@AN
GKFGQa y2¢ 2yteé 2dzad O2 ¢Ch)l BekidSsRhe rgsyin daghanand R S
deforestation, one NGO representative noted that there is a focus on more visible and mere fast
changing issues such as deforestatioich can be easily and cesftfectively monitored with
satellites. However, imy view, there is a risk that adoptinga shortsighted an approach could

have potential consequences on less visible and slalianging sustainability challenges such as

soil degradation or biodiversity loss that scientists have been warning about for(ieasies, 2017;
Rockstrom et al., ZM). Scientific experts have cautioned about ogenplificatior which was
acknowledged by some efaliyers who recognised the need to embrace some complexity; as one

retailer stressed:

cany kind of methods that combines several sustainability aspectpasl. Because
otherwise you sit with different tools for every different type of aspect. So, | also understand
GKFG GKSNBQ&a | 0AIISNI O2YLX SEAGE (KS Y2NX
Al 0S02YSa I (R®2NB Gl tAR G(G22ft¢

Most stakeholdersvho argued for a need for simplicity justified this by the risk of complexity
leading to inaction. This challenge of balancing complexity while avoiding inaction was stressed by
one retailer:
G6S INB SYGSNAyYy3I a2NI 27F | tredipNdhakedhé Somplex o S
adzLJISNJ aAYLE S X6 2dzad G2 6S oftS G2 R2 a2
wX8 R2y Qi RIFENB (2 R2 ly@dKAYy3Id .dzi L GKA
I QlGdzr t & wXeé I 01ly2sfal3RIARBERIYE GKAA Aa |
Similarly, the influential sciene2 8 SR AYAGAIFI GAGS w9l ¢ [IyOSaGQ
global food system) argues that2 S ySSR (2 o0S02YS o6SGGSNI I
NERAZOAY3 (KS RSAAND {(Wllett2eDd8 NI TONQubtRtiohSfronSeB@NE { k

stakeholder illustrating the level of desired complexity in decisiopport tools for the food system

5 NGO represatative, conference call (April 7, 2020)
7 See e.g. Interview with Scientific Director of EAT Lancet, (11 October 2019)
https://www.uu.nl/en/research/future-food-utrecht/interview-with-fabrice-declerck
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can be foundn Table 9.3. However, opinionabout the level of complexity eAduyer companies

can handle varied among stakeholders depending on compaaynal expertise and capachty.

2.3.3.2Beyond environment: satsustainability

When stakeholders were asked which other issues they are concerned about, the majority
mentioned social issues. Social sustainability aspects came up in most discussions even though
had stressed at the beginning of the interviews tllaese would be out of scope ahy own
research. One representative of a certification body explained the importance given to social
aspects by European edmiyers:a L G KAYy]1 GKSNB N’ G¢g2 o0A3 A3
process of certification. Firdhey want to solve the risk of deforestation in their supply chain. After
that, they are asking about social aspects, like po& Y Y dzy prdjeitsS Enfrovement labour
O2yRAGAZ2Y A | YR 0 A 2ZOBE) Diemtrd, érbuyesydf conkaditidslavelthe &
desire to consider environmental aspects together with social issues. Indeed, sustainability
concerns in producing regions were often considered as interlinked, with for example water
pollution from agriculture noted as affecting downstream drinkiwater quality, poverty and
education affecting knowledge and the ability to manage land sustainably. This perspective is
illustrative of sociakcological systems thinking, as describedAbystrom et al.(2020) In this
respect, a tradeoff between so@l and environmental issues can arise. This dilemma was illustrated
by one manufacturer:

G¢CKS a20A1f OSNBEdza2 TKES [SNBIANRS/ YoSAyTIF S & (0 N3 yF

we stop doing business to them, the consequence to vulnerable pedye wirking for

that business or linked to that business would be so great that we may still have to work

with that business. Because if we would stop doing business with them, the vulnerable

LIS2LX S 92dAd R 0S5 SRISY Y2NB OdzA ySNI of So¢

2.3.4 Limitations of esting science and tools to advance sustainability

2.3.4.1Scale: focus on own supply chain vs affect change at scale

The focus for companies aiming to tackle environmental sustainability in their supply chain varied.
In contrast to representatives from manufactars who were focused more on efforts to change

practices in their own supply chains, interviewed retailers showed less focus on their own supply

8 Manufacturer representative, conference call (Felwsua4, 2020)
% Retailer representative, conference call (February 26, 2020)
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chains but instead rather focused on collaborative efforts to reduce deforestatiBetailers are

more distant from producing regions than manufacturers, and thus traceability data to producing
regions is harder to obtain. Therefore, a focus to affect change through collaborations is
LIN: 3YFGAOFEft&@ Y2NB FSIAaAA0fSd ¢ KS Min §lde® théni dzNB
to provide evidence and report progress against the environmental commitments they set
themselves. A statement from one manufacturer supports thig§s SAy 3 | 0t S (2 LINE
that you are actually eliminating deforestation from y@upply chain that there is actually stuff
A32Ay3 2y GKSNB GKIG &2dz OFy (M@ adzaNB ' yR O2dzy

Consequently, what some of these companieS Y R dzLJ R2Ay3d Aad o6dz2Ay3
concessions that were cleared 20, 30 ydard2Y {2 2F O2dzNBSI (MM SNEB
However, this would not reduce the overall deforestation in the world as other companies with
different priorities might buy commodities grown on recently deforested land. Therefore, some
NGOsl inteviewS R R2 y2i 0StAS@S GKIG + F20dza 2y O
effective solution to tackle a challenge like deforestatio®ther NGOs ask edmliyers to provide
evidence of no deforestation in their entire supply chain, as highlighted by a comment from an
NGO:
a{2z AGQa | NBIffez NBIFHft& GNRAOl& olflyOS
tobe squeakycleardali & 2dz I f 42 KIFI @S G2 62NJ] Ay (2dA3
deforested places]. So, what should they be doing: they should be doing both: making sure
OKFG GKSANI adzldLX @ OKI Ay iN#) Of Sy I'yYyR RNAE
A focus on the own supphhain requires much more detailed traceability data and segregation in
supply chains. However, ensuring traceability and segregation is costly and ultimately financial
resources should be directed to where the sustainability outcomes can be maximised. édpwev
providing costeffective evidence on the outcomes of actions seems to be a challenge, as one
manufacturer explainedd § KSNBEQa 3ISySNrtte F G224t €1 0}
LISNF2NXIFyOSd L R2y Qi FTAYR { Kobktidf these Softsh aDttihgs is (0 2
Sy 2 NI (2T lerefore, as long as some NGOs askberyers to both provide evidence of their
own supply chain but also coftbute to affect change at scale, science needs to support both of

these purposes.

10 Retailer representative, conference call (March 12, 2020)
1 International NGO representative, conference call (April 16, 2020)
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2.3.4.2Temporal scak

The dynamic nature and complexity of supply chains provides a challenge for data providers to
generate reliable information which is still available quickly enough to inform current decisions.
Many trade flow datasets, for example, are subject to datgs! In the context of commoditinked
sustainability, this limitation of providing recent enough trade flow data was pointed out by

multiple endbuyers and consultants. As one consultant explained:

& llot of the information and the metrics that are abak 6 £ S KI @S OX8 - A & &
lag: a lot of the data that is used is very static. So, something like Trase is not really that
useful to have something that happened last year. You could have accepted hundreds of
tons of deforestation associated inyour supply chain before the next version of Trase or
GKAYy3a GKFIG KFE@GS GKFG az2¢l) 2F at2¢g NBySgl
However, having more recent data is not automatically useful as one NGO representative pointed

out:

& G K S 8buyer§] geR in their nereal time monitoring system that in the surrounding of

the units where they buy from forest is being cleared. But what do you do with that
AYVF2NXYIFGA2YK CANBG 2F FftX AGQa y2i tAYy]:
treeisbeingcutdowriy KSNB A& y20KAyYy3a I2Ay3a GKSNBD {:
l'yYR aSO2yRfé& wX8 Fa t2y3 Fa (KyNdmpady|ty 2 2
Ay@SaaAa3arisS FryR G2 R2 a2YSGKAyYy3 lFoz2dzi A
s2L) RST2NBI G GAZ2Y D¢

One reason for the timdag in providing trade flow data is that currently the processing and
cleaning to ensure robustness is tirmeensive for researchers (sd&eroft et al.2018. However,
ensuring robustness of the providedanfmation is important to build trust and reliability to ensure
uptake by users in their decisions. Analysis by Reis €R@20)found that the stability and
Oz2zyaraitaSyoOe Ay NBIA2ylFf GNIXRS Fft2gaz NBTFSNN
relatively consistent over time and other supply chain relationships changing rapidly. Researchers
will therefore need to find the right balance between accurateness and timeliness of the provided
information depending on the purpose of the intended useXdditional detailed information is

costly and it is questionable how much detail is needed in an uncertain world as one manufacturer

pointed out:
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aL Oly LI e& @Faid adzya 2F Yz2ySeé IyR aLISyR

answer be any bettethan a screening type of approach, given the level of uncertainty that

f

SEA&GA Ay GKS RIGE FYR GKS f(MpPSt 2F OKLy:

With respect to changes in future, two interviewed manufactut€fs mentioned that they
believed that toprove the origin and manage associated sustainability issues, closer,-tengrer
relationships with producers will become more important, and thus trade flow stickiness will
increase (seeis et al., 2020This may also reduce the complexity of sugplgins as there would

potentially be fewer intermediaries between manufacturer and producer.

2.3.4.3Meaningful metrics

Several endbuyer companies mentioned that they would like to link trade flow information to
metrics in which they are already using or mightfiuture use to report their environmental
performance. Since the Paris Climate Agreement, hundreds of companies have committed to
Science Based Targets for clim@@ackstrom et al., 2020fFor companies in the food sector, most
greenhouse gasgHG emissons occur during the agricultural stage, and it is therefore expected
that the interest in methodologies to measure Scope 3 emissians(pply chain) will increase in
future (Tidy etal2019® ¢ KA & &aLISOdzZ | GA2Y g+ a AdzLIRNISR 0o
GOFNDP2Y AYLI OO Aa NBtSOIyld SalLISOAlLtte Ay
aStiday3a {OASyOS .lFaSR ¢FNBSGaAa FyR Of SFNJ
know that some retailers are already doing that and | imagine that weraesooint will as
gStt 22 RGAY 02 GKI @€

Another knowledge gap that was brought up in the interviews was the interaction between
different spatial scales. Manufacturers in particular mentioned that they would like to better be
able to understand how imtrventions at farmor plantation scale would relate to landscape scale
changes and ultimately impacts at global stall an ideal world, methods would be able to sum

up how interventions at the farmscale would stack up with changes at landscape saatt

dzt GAYIFGSte 3At2o0lf aloFtsS Fa Ylye O2 YRIFhiwdld Q &

help to identify which interventions at which scale would be most effective to meet their

12 Manufacturer representative, conference call (Fedry 13, 2020)

13 Manufacturer representative, conference call (January 20, 2020)
14 Manufacturer representative, conference call (February 13, 2020)
15 Manufacturer representative, conference call (February 14, 2020)
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environmental targets: for example, improving agricultural picet at farm scale, land use

planning at landscape scale to reduce ecosystem conversion, or changes in the design of products”

2.3.5 Collaboration to tackle systemic challenges

All manufacturers and retailedgnterviewed described feeling that they halimited leverage to
affect and evidence meaningful change through their supply chain commitments because their
globalised complex supply chains were outside of their direct control. Examples of commitments
(see Donofrio et al.,2017) are the support of naleforestation, neconversion on peat and
reduction of greenhouse gas emissions in supply chains. Considering their commitmefieréste
Trends, 202), and the responses of companies oy questions, it becomes clear that their
ambition is to affect chage at the system level. No actor alone can achieve meaningfabehat
aeadsSy tS@St LI NLAOdzZ NI & Ay 3It2o0lfte& GNIFRSR
GASE NBldZANBa | Oly2¢6tSRIYSYy:d GKIF{G OKSHEEt I NB
O2YLRySyiaz Reéyl YAO TSSR(EEB]|20180agriRoodysystenisiag I S
complex and characterised by interactions of multiple actgngram et al., 2020)ldentifying
effective partnerships between different actors requires argtanding their different roles in the
system and the relationships between them. As one international NGO representative commented:

G¢KS gl & G tSrad L asSsS Al wx6 Aa GKFG 0

responsibility and capabilityhe easier it will be to attribute and to share the responsibility

I ONR &a I &N®JII & OKI Ay dé

As previously highlighted in this study, there are different actions that different stakeholders can
take to transform the food system towards progress oniegimg common goals. Most of the
interviewed retailers, manufacturers and NGOs saw producing governments as having one of the
most influential roles to set regulations and enforce compliance around the sustainable use of
natural resources. This is in limeth previous research by Seymour and Haf2819) However,
iKSe faz2 ar¢ GKAA Fa &adzoeSOG G2 OKIFy3IS RSL
government. One of the European retailémsterviewed was cautious and saw their only possibility
to reduce legal deforestation through providing financial incentives to compensate for the loss of
ecoromic opportunity:

¢€6S INB y20 LINBAONRLIGIAGS Ay (GSNXa 2F al &Aa

their own industry. But we recognise have a role to play as a company that ends up using
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the soy in our supply chain. We can be part of the solution, help fund the solutions, even
GK2dAK (KSe& FINB (KS 2ySa GKIFG ySSR G2 Gl
be seen as dictatinghe terms cause countries especially in Brazil are very sensitive about
GKSANI a2BISNBATy (e
This illustrates that, within the system, goals need to be negotiated between different actors (here
producing governments and retailers). Academia and tiamks can play a role to bring multiple
stakeholders together to identify common goals and effective solutions to achiere (Figure
2.2).

When taking a systems approach, providing evidence on unintended consequences is crucial but
also seems harder to provide for eidyers. A desire to better understand unintended
consequeres of collaborative efforts was brought up by multiple stakeholders. A frequently
mentioned example of unintended consequences was leakage of land use change to other

ecosystems, as one retailer pointed out:

G2S KIFIFS GKS 1YLIT 2y &age\d tie Z&tdadizYT yai 8olthé Carratdh & S
| 2YASNDIF GA2Y YSOKFIYAaAYY L& GKFG 32yylF RNR
saying your soy is deforestati?ffNBES A GKAY (GKS ALISOATAO 13
happened but is it in the wider séh&(R5)

2.4 General discussion

The research needs identified within this study relate to the core challenges experienced by key
stakeholders in making progress on environmental sustainabitityserved that enebuyers would

like to consider multiple dimesions of sustainability together to identify tragdfs and unintended
consequences. Additionally, this study illustrated multiple types of stakeholders need to be
engaged in the research problem identification stage to identify what is feasiblendsg¢dout also

what advocates in the system would advise éngyers to do. The findings identified in this study
about how to bridge the gap between data science and implementation towards sustainability of
global supply chains reveal a need to take a more syste@iew to incorporate the complexity in
IKS "EANRA8AGSYQD ¢KAA KF & AYLIE A Ohiillln@wliscuss 2 G K

in the context of existing research.

54



Chapter 2 Stakeholder Interview

2.4.1 Implications foiscience

To bridge the gap between science and implemé&atafor sustainability in complex global supply
chains|] see the following priorities that future research should focus on: Firstly, given the challenge
of tackling sustainability in the global food system, the relevance of the research could be improved
by more collaboration across different disciplines within academia but also with stakeholders
outside of academia. As multiple manufacturers and retailers would like to have more guidance
from experts on how to deal with tradeffs between different susiaability challenges, this would
require scientific experts from different disciplines working together to develop consistently
applicable methodologies that allow joint consideration of issues like biodiversity, greenhouse gas
emissions, water or soil inggts. In general, the need for more interdisciplinarity within academia

to help tackle sustainability challenges have been highlighted before, for example in a study aiming
to identify research priorities for the palm oil industry Badfield et al(2019) However, these
authors neither apply a qualitative approach to engage with stakeholders nor did they include end
buyers distant from producing regions. However, as illustrateanystudy, it is important to
understand in depth how those distant actarsis users of supply chalimked risk or impact data

¢ make decisions within an uncertain and complex system and how science can help to guide those

decisions.

As expressed by the interviewees, emayers would like to know what actions they can take to
meaningfully address sustainability within globalised complex supply chains. To better contribute
to system transformations, Nielsen et §2019)argued that land systems science should better
acknowledged the normative aspectshich could be incorporatedhrough coeproduction. A
challenge here can be a conflict in norms between different stakehol@Eries and Nagendra,
2017) In this study there was a divergence in viewpomit®ut ecosystem protection between
producing governments (want some tropical deforestation) and consumingbagdr (no tropical

deforestation at all) that differences in underlying norms could explain.

Here, more dialogue between different stakeholdgrsding endbuyers €.9g.NGOs, consultancies,
scientists) on feasible solutions could help. For example, identifying a trusteeprofn
organisation which brings multiple stakeholders together to align their actions to achieve a
O2YY2y 32l 1 9WRAg&a2R)IThink@arkhaving trustworthiness and authority
could then help by developing monitoring tooésq.Global Forest Watch, 2026 verify outcomes

2F | OGAGAGASaA EFiglee2. 25 ThergforaPBisistudiRdniirye that apBoB8uction
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approach, characterisetihrough a process of mutual learning between researchers and actors in
society(Lang et al., 2012helps to identify the research gaps that are most pressing in practice.
Especially ad found that decisiormaking of enebuyers is shaped by multiple typesf
organisations they trust. The flexible, iterative, approaedopted inmy interview protocol, has

the benefit of incorporating the views (after the initial data collection stage (Pha$sal¥e2.1) of

those stakeholders that are most influential within the networks of individuaHemgkrs. However,

a challenge of mukstakeholder engagement is that it is a tirmtensive process and the question

is how this could be made more economically viable. Increasingly funding organisations and
research programme®(g.Global Land Programme, Future Earth, Horigarnope EC, 2020gare

asking for ceproduction approaches to tackle complex re@adrld challengeqSchneider et al.,
2019) The potential of cgproduction to help solve societal problems could be enhanced by more
researchers discussing best practices and lessons learnedt abhich stakeholders or
representatives of stakeholders to include for which sustainability challenges, depending on the
scale and geographic distance between actors. Ultimately this would also require more researchers
trained in engaging with neacademé stakeholders. However, given the limited time researchers
have available for engagement processes, a more effective approach might be to have non
academic organisations involved in regularly updating data and providing a mor&iasdiy and
engaging drmat for scientific information. In this respect, consultancies or thinktanks could
0502YS WA Y LI(GoodmEnEKDSYAGVS Bl Ialime, 20f68using on communication

of credible scientific information to neexperts.

To bridge the gap between sciee and implementation, Guerry et §2015)argued that robust
evidence is needed that clearly link decisions to impacts on the environment. Improvements in the
traceability of trade flow data will help to identify the origin of commoditi€ardner et a|] 2019)
However, as interviewees in this study reported, dngyers would also like to understand the
consequences of their decisions on the environment and therefore more forleatdng

I LILINR I OKS&a | NB ySSRSR® ¢ K@RG4)aréadlyDyirted GuRin theit |
NEGASG o02dzi GKS AO0OASYyOS 2F adzadbAylofS adzl
more focus should be on how data and tools could be used to be more predictive and avoid
unsustainable practices before thégppen. Additionally, to prevent unintended consequences, a
more holistic approach to sustainability is required. Interviewees in this study pointed out that
there is a focus on more visible and faster changing sustainability challenges such as deforestati
Instead, data collection efforts could focus on currently less visible and slow changing issues rather

than improving the detail of already visible issues.
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To reduce barriers to adoption, there is a need to harmonise and align different approadhes bu
Ffaz2z G2 TFAYR O2yaSyadza |yY2y3a NBEASFNOKSNER |
depending on the intended purpose. Standards have been agreed on how corporations can
calculate and report sciendgased targets including supply chains for greenhagse emissions

(e.g. Greenhouse Gas Protocl)However as the agrfood sector contributes considerably to
other sustainability challenges such as biodiversity loss, water scarcity or water pollution,
methodological advances are needed to allow corpors to quantify and report sciendsased
targets for other major sustainability challenges as wellRaskstrom et al. (202@)ave argued.
Initiatives are underway to develop scieAoased targets for some issuesiich as land or
biodiversity’ lead by Science Based Targets NetW(@&RTN, 2020However, it is important that
these build on the latest science and be consistent with existing approaches. Without agreed and
standardised methodologies, there is the risk of confusing decisiakers and practitioners,
leading to inaction or even a le®f trust in scientistéRidoutt et al., 2015)However, as science in

this field is rapidly advancing and new data are becoming available, the developed methodologies
also need to be flexible enough to incorporate science and data developed in futiseeghires

continued exchange between scientists, practitioners and tool developers.

2.4.2 Implications for practice

The dynamic interactions between different sustainability challenges illustrated in this study
highlight the complexity of decisiemaking withn sustainable production and consumption
systems. As globalisation of traded commodities increases the spatial distance betwee(Lthem

et al., 2015}t is challenging for entluyers to understand the local context in which the farmers
producing their ommodities operate in. Therefore, it is difficult to understand local secionomic
drivers of sustainability concerns but also unintended consequences resulting from activities. Often
there are multiple suppliers between the efdiyer and the farmers matkg it challenging to
respond to a sustainability priority from a distance. Additionally, political boundaries are crossed
where different political institutions are responsible for regulating natural resource use. What is a
priority for local stakeholderwill depend on the regional contexBager et al2021). This context
dependency also helps explain why stakeholders disagree on solution pathways. For example, one
stakeholder might aim to improve smallholder livelihoods whereas another stakeholder might aim

to reduce deforestation linked to their supply chaiThis mismatch in priorities is typical of

16 hitps://ghgprotocol.org/
17 https://sciencebasedtargets.org/sbt_events/projelzunchsciencebasedtargetsfor-forestland-and
agricultureflagrelated-sectors/
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YaealiSYAO0Q Sy @aNERyYSylinisdn and INyssod 0T Ry siudy IsiBestd S Y 2
that to achieve meaningful progress on global sustainability challenges, more collaboration is
needed across differentotnpanies €.g. traders, growers, processors and retailers) but also
between companies and different types of organisatiorssg( NGOs, governments and
researchers). Especially for complex global supply chains where companies rely on many
geographically oculturally distant suppliers, partnering with other organisations such as NGOs
might be an effective approach to achieve meaningful sustainability outcomes on the ground
(Koberg and Longoni, 2019)

The perception discussed in this study of the limitecetage of enebuyers in supply chains and
limited capacity to engage with other stakeholders demonstrates the challengb@yets face in
affecting meaningful change. Therefore, for some companies, it might be more effective to join
industry initiatives €.g. RSPO) to collectively have more power in the market. Industry leders
and researcherse(g. Larsen et al., 20)8have been calling for some time for importing
governments to better regulate environmental and social standards in supply chains. TEJUK
and several of its member states are currently considering the implementation of due diligence
laws restricting the import of commodities linked to deforestati@sK, 2020; EC, 2020@)hese

kinds of regulations could help ensure that it is not oegding companies who are requiring their
suppliers to ensure commaodities are not associated with deforestation. However, as illustrated in
GKAA&a addzRé o0& GKS NBalLRyasSa 2F bDhasz GKS GNI
need to be improved sdhat companies can monitor and report compliance to this law.
Additionally, the European Parliamgii@C, 2020d)as highlighted that this law should be extended

to include carbordense and biodiversityich ecosystems to avoid conversion pressure onts¢he
areas. To be able to implement this policy successfully, existing data providers may then need to
broaden their current focus, which will likely require additional resednelestment and

knowledge ceproduction.

A lack of evidence has been mentioresdone reason for the limited implementation of approaches
aiming to improve sustainability at suiational scaldReed et al., 2020) o identify whether and
to what extent sciencdvased evidence leads to changes in practice, monitoring of outcomes is

esential (Reed et al., 2019 here is also a remaining question about who along the supply chain

18 https://www.reuters.com/article/usfoundation-climatechangeorests/endingdeforestationis-smart
policy-officialsidUSKCNOHI0ZD20140923
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would have the burden to gather data and prove the sustainability of practices: Is it the
responsibility of manufacturers, their suppliers, their suppliers,governments or traders?
Efforts to increase data transparency on supply chains and their impacts can help to identify
responsibility of different actors and thus leverage poirgsg(actors or regions) to improve
sustainability of the entire systelfiRued, Garrett and Lambin, 201, A)ut ¢ from the perspective

of endbuyers¢ it can also help to identify actors with common goals with whom to work in
partnership. In this regard, research should also try to understand the motivations of actors of
emerging ad developing consumption markets wigoalong with established marketswill be

critical in developing solutions to current challenges.

2.4.3 Further research on supply chain stakeholder needs

While this study offers valuable insights for academia and pradtieescope ofmy work leaves

areas for future research to focus on. Firstly, in this stutiopted the perspective of actors distant

from producing regiong-uture research could extend the interview sample to include additional
stakeholders linked to # value chain such as traders, investors, producers (both large and
smallholder), and governments. In this studgzda SR b Dha&a G2 NBLINBaASYyGd i
O2yadzYSNa FyRZ G2 &a2YS$S SEGSyid:z (G2 NBLNBaSyi
research should include those actors more representativBigcondly, it is likely that those
individuals that wee willing to share their time and knowledgeny interviews were likely part of
leading organisations who are already relatively wmflbrmed, set relatively ambitious
sustainability targets and are motivated to act on sustainability challengehose these
organisations based on their-atepth knowledge which they likely gained through years of practical
experience aiming to improve the sustainability of the organisations who they workHbelieve

my sample of manufacturers and retailers is represgive for leading organisations as they will
likely have similar information needs. However, in future, the sustainability performance
expectations of ena dz& S NE&E Q & é.4.ifvEstord, fcddKiNdrs, groducing governments) will
increase and thereforerganisations who are not currently as interested in these concerns will
likely need this kind of information in future. Stakeholded research to understand the needs of
these nonleading endbuyers is needed. Thirdly, little is known about consumerfgraxnces in
developing and emerging markets such as India and China where demand for commodities is
projected to increase in future and where the import of animal feed linked to tropical countries is

rapidly increasingMy study focused on societies whetfee demands to improve the sustainability
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of food systems is currently largest, but future research should also try to understand the

motivations of actors of emerging and developing consumption markets.

2.5 Conclusion

My findings reveal the complexity of gamability challenges linked to demand for commodities in
global supply chains. Consuming societies are linked through retailers and manufacturers to
producing societies but also the natural environment in which the commodities are produced.
Guidance toweds environmentally sustainable production of commodities therefore requires
careful evaluation of possible unintended consequences on other geographies and people to avoid
burden shifting. The challenge is to provide guidance to navigate the complexiawbia actors
feeling overwhelmed, at the risk of subsequentiction. More dialogue is required between actors

in producing countries and those in consuming countries to negotiate common goals and align
monitoring and actions. Nevertheless, as providietpiled data is costly, research needs to ensure
that new data generation is focused on aspects where it can lead to better sustainability outcomes.
Here, an iterative approach to guoduce knowledge together with NGOs, data providers, business
represenatives and other relevant stakeholders will be helpful to ensure that science supports the
decisions with a sufficient amount of information to avoid unintended consequences and maximise
co-benefits towards sustainability. All stakeholders involved inséheomplex supply chains
aedaitsSvya akKz2dZ R ARSFHffe 0S 3IABSYy I WwW@2A0SQ G2
OSYSTFAOU FTNRY Oft2aSNJ O2fflo0o2NrGA2Yya 6AOK WAYL

them to translate science to a neacademic audience.
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Chapter 3ulti-indicator analysis

South American soy production linked to international
consumption: patially explicifootprintsfor land use
changeemissions, biodiversity, water scarcity and soil

erosion

Abstract

Given its multfunctional nature, it is a challenge managing land to meet multiple goals of food
provisioning, climate mitigation and biodiversity conservatidfilst there is adt of interest by

the private and public sectofas well as tool developmentrelated to reducing tropical
deforestation less knowledge existhoweverabout the impact of commodity production on other
environmental sustainability challenges in produciagdscapes. Usingife Cycle Assessment
principles, | estimated thevater andland use and land use change impactsgneenhouse gas
emissions, water scarcity, biodiversity and soil erosion embedded in soy exports from Argentina,
Brazil and Paraguay. Iuiod a large variability across sourcing regions and importing countries.
Taking a 2§ear land use changamortisation period | found that the states with largest median
soyinducedland use change emissiongre located in the Brazilian Amazon (Para Rathd6nia,

the Argentinian Chaco (Salta) asdme ofthe agricultural frontierstates of BrazilianCerrado
WlaToPiB&padicularlyMaranhaoandPiaui). However, several of these states bagrelatedlow
water scarcity (ParaRondonid, soil erosion (Maranhao, Piaui) and biodiversity (SM&anhag.
These differences between soy producing states also affected which export countries had the
largest footprints depending on their sourcing pattern: Brazil tizel largest soil erosiomnd
biodiversityfootprint, Spain the largedtUCcarbon footprintand China the largest water scarcity
footprint. Additionally for most categoriesjimpacts were concentratedn few municipalities
whereas the majority of producghregions were located in rather lesmpact regionsThis study
illustrates that tradeoffs arise(e.g.between land use change emissions and soil ergsiad that
therefore efforts are neededor more strategic land use planning teanage co-benefits acoss
multiple sustainable development goalddditionally, given thdarge variability, traceabilityn
supply chainshould beencouraged ateast untilmunicipalityscale forarge countries like Brazd

identify theimpact hotspotsand actors linked tohose. This study also indicated that there should
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be moreefforts to harmonize data and indicators to account for spatial variakilittand use and
land use change impacs® that progress towards targets of different actors can be more easily

reported and compared
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3.1 Introduction

Global trade is making it challenging to understand how the demand on food, feed and fuel is
leading to distant environmental impactiu et al.,, 213) In particular, trade in agricultural
commodities has doubled in the last 15 yef@ECD, 202&hifting the environmental burden to
selected producing countries. Trade and consumption of agricultural commotditdrsving 26%

of deforestation in topical and subtropical foresg@endrill et al.2019g, making it the second
largest source of greenhouse gas emissi@@mith et al., 2014and a major driver of biodiversity
loss(Symes et al., 2018 herefore, within the New York Declaration on Forestsre than 60
nations and 59 private companies in 2014 committed to eliminate deforestation driven by
commodity consumption by 2030N, 2019 ¢ KS 9 dzNRB LS|y DNEB Sig-C38 B} ©
(F2F) Strategy published in May 2020 which is alignecdet&tistainable Development Goals (SDGS)
YR AYa (2 NBRdAzZOS GKS 9! Qa SYyGANRBYYSyYyllt Iy
as water and soils and reverse biodiversity loss along the entire supply chain from agricultural
production to consumptin (EC, 2020d) ¢ N} RS A& O2yaARSNBR LI NI 2
global transitions towards climate neutrality and a sustainable and resilient food sy&Ee&m
2021a) The environment ministers of the G7 encourage solutions whiclid@r? y (i NFudtigiei S § -
{5Da&a aAyYdz lyS2dzate | yR | OKalighedSo the aaBaizgéntiasfor 6 Sy
Sustainable DevelopmeritISD, 2019)In the implementation of the 2030 agenda, interactions
between different targets emerged as an issue and must besidered to make policies and
planning effective(Weitz et al., 2018)Therefore, practical tools for footprinting are needed to
understand the impacts of trade in producing countries and to monitor progress of individual
governments and businesses towattgir goals to reduce greenhouse gas emissions, biodiversity

loss and protect natural resources such as water and soils.

Soyisi KS ¢2NI RQa Y2ad AYGSNYIl GA 2y théirauseinddmRIS R |
feed(COMTRADE, 202t alsoother uses such as cooking oil and biofuel produc{©astanheira

and Freire, 2013)From 2000 to 2020, the international trade in soy quadrugledOSTAT, 2021)
driven by the increasing demand for animal products in China and other develogirhgts. This
increase in soy export largely came from Brazil @0 Paraguay (20®), USA (13%) and
Argentina (10@%6) which are all among the five largest global soy prodU&©STAT, 202his
acceleration in production lead to soy becoming onetlee key commodities driving most
deforestation and natural vegetation loss globalBendrill et al.2019h. As a response to the

growing concern by consumers, governments, traders and mattonal companiegNepstad et
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al., 2014) several supply chairpolicies were established aiming to reduce detrimental
environmental impacts of soy expansion. Examples of initiatives which reduced land conversion are
the Soy Moratorium in 2006 in the Brazilian Amaz@epstad et al., 2014nd a federal forest law
established in 2007 in Argentina which at least in some provinces reduced conv@tsitmet al.,

2017) However, efforts to reduce deforestation rates in the Amazon lead to increased land
conversion in the neighboring savannbiome Cerrado(Rausch et al.2019) Therefore, it is
SELISOGSR GKIFdG FOG02NE YAIKG aKATE GKSANI a2 dzNX
to alternative producing regions with less detrimental effe@ieyfroidt et al., 2018)Recently, a

lot of researchhas focused on sginducedRS T2 NBa il (A 2y MaloPiB& KRB I ASA
(Brazilian states of Maranhao, Tocantins, Piaui and Bahig)Escobar et al., 2020; Green et al.,
2019; Zu Ermgassen et al., 20R0a

One of the barrierso robust environmental footprints is ad& of traceability and transparency of
global supply chains to account for the spatial heterogeneity in producing refBarsett et al.,
2019; Lambin et al., 2018; Godar et al., 2018pst studies on the impact of global agricultural
trade on land systms rely on nationalevel data for trade flows and associated environmental
impacts (Kastner et al., 2021)increasingly, indicators are being developed to allow-$icale
assessments such as for carbon emissi(iscobar et al., 2020piodiversity (Chawhary and
Brooks, 2018mnd water scarcityfBoulay et al., 2018However,as the suknational origin of
agricultural commodities with complex supply chaiesg(soybeans, palm oil, eat) is often
unknown, in practice it is challemgto estimate potential impacts associated with their production
which requires detailed information on the agricultural production orifBodar and Gardner,
2019) To overcome this limitation, data on the transparency of supply chains can be used to
account for the subnational sourcing pattern affecting environmental impaetsiJlustrated within
Lathuillere et al(2021) An important decisiorsupport tool in this context is Life Cycle Assessment
(LCA) which quantifies environmental impacts acrossiall §S5a 2F | LIN2 RdzO{ ¢
distributed) life cycle from resource extraction or crop cultivation until disposal. Within a LCA there
are four main steps: (1) goal and scope definition, (2) life cycle inventory (LGFe (3klelmpact

assessmen(LCIA) and (4) normalization and interpretation.

Data availability often limits the accuracy of th€Anventory {.e.gathering inputs and outputs of
each process in the life cycle) and the impact assessment stageh@racterizing the impact ohe

inputs and outputs based on their environmental pathway). As a result of ltiss are often
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limited in regional detailor contextdependent(Hellweg and Mild Canals, 2014inhcreasing the
spatial uncertainty and therefore limiting their relevan(eaouillard et al., 2019)To overcome

this limitation, LCA approaches are emerging that try to represent detail in both the heterogeneity
in supply chains as well as variability in environmerdfahracteristicsin producing regions
(Lathuilliére et al.2021; Escobar et al., 2020hese tidies use datalriven subnational trade flow
mappingdata for regionalisation(e.g. Smith et al., 201 However,there are a lack of studies
consistently covering more than a single country /andnultiple biomes(Gaxdner et al., 2019)
Existingresearchoften focuses on a single countrguch as Braz{Lathuilliere et al., 2021; Escobar

et al., 2020)pr a few biomessuch adropical forests €.g.Amazon, Chaco) and savannaush as

the Cerrado(Green et al. 2019 here are few studies considering the impacts of soy expangion
other biomesor across different producing countri¢dia et al., 2020Additionally thereare a lack

of studies assessing impacts across multiple environmental contteaiow the identification of
environmentaltrade-offs andor potential synergiesA better understanding ahe links between
commodity tradeand environmental impacts such as fdeestation could help guide efforts
towards more sustainable production and consumption as highlighted in the Sustainable
Development GoaJswhich aim to eliminate deforestation by 2030s global actorge.g. multi-
national companigsandlargeconsumingcountrieshavewidely distributed supply chaingnalysis

is needed thatis consistently applicable across multiple producing countries, and agssssthe

entire world (see Chaptet).

To overcoméhe fact that many LCAs are limited in their geograptuiopehere | combine recently
developed higkresolution land cover mapfrom the European Space Agency Climate Change
Initiative (ESA C¥plobally consisterty availabldndicators(Sonderegger and Pfister, 2021; Boulay
et al., 2018Chaudhary and Kastner, 2018pybean harvestedrea mapqSong et al., 20219nd
sub-national supply chairmappingdata from Trase.earthESACCIlland covermapsconsistently
cover three important globallysignificantsoybeanproducing countriesassociate with current
landconversioni(e. Brazil, Paraguay and Argentirajer long time periods (1998019) Therefore
these maps allowthe study of land conversionacrossa wide range of land cover typ€s.qg.
shrubland, grassland, mosaiof natural lang, acrossa time period of two decades and across

multiple producing regions
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In this study | aim to answer the followitigree questions to generate better knowledge on how

to better manage environmental impacts linked to demdadagricultural commaodities.

(1) How do land use and land use chamgkated impacts from soybean production differ
between biomes and jurisdictions whenplpng a consistent approach across three

major SouthAmerican countries?

While many suknational studies exist focusing on a single country (often Brazil) or a single
environmental impact, | use globally available data and Characterization Factors dChls) f

consistent approach to compare multiple possible soy sourcing regions.

(2) How do consuming soybean countries differ in land use and land use change impacts

when combining physical flow accounting data with traditional LCA?

This approach allowor balanéng of scale with detail by accounting fahe heterogeneity of

environmental impacts in producing regions linked to consuming countries (Escobar et al. 2020).

(3) Based on the subational variabilityof different environmental impacts: What is the
appropriate spatial (and temporal) resolution of data to identify geographic hotspots

and maximise cebenefitsto guide decisiomaking in government and industry?

The latter was mentioned as an 4amswered gestion byHellweg and Mild Canalg2014)and

Mutel, Pfister and Hellwe(2012)

3.2 Materials and methods

In this study, | used a hybrid approach similar to Escobar €G#0}° to estimateLUCemissions,
biodiversity loss, water scarcity and soil erosion embedded in the production of agricultural
O2YY2RAUASA o0& O2YoAYyAy3d [ /! LINAY OALX Sa 6Adl
LYF2NXIGA2Y 2y t NBRdzO( A 2RCS. iih thisagheoaay ILdapiugk yhe { & :
spatial variability in land use change, yield and resulting Characterization Factors (CF) across
soybean producing regions in Brazil, Argentina and Parag\glgin LCA impacts are estimated

based on the inventory coponent affected by agricultural management practices (green boxes in
Figure 3.1) and the impact assessment component affected by regiomavironmental
characteristics determining susceptibility to impa&gy(local water scarcity, biodiversity or carbon

storage in natural vegetation), and relateds@fed boxes irFigure3.1).

19Escobar et al. (2020) only estimate impactsGmeenhouse Gasmissions but no other impact categories
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Figure 3.1. Life Cycle Inventory and Life Cycle Impact Assessment of the agricultural stage of
soybean productionArgentina, Brazil and Paraguay (sou®antoro et al., 2021; Song et al., 2021;
Boulay et al., 2018; Chaudhary and Brooks, 2018; ESA CGl, 2017

3.2.1 Goal and scope

¢CKS FdzyOlA2yl f dzy A ( ton€of soyberi equiviléhts(SoteddRedving thed & 2
farm-gate,i.e. transportation and pocessing ofoybeansvas excludedOne soyeq. is defined as

the amount of raw soybean embedded in flows of oil, cake or beans being exg@tethr et al.,

2015) This allows comparison across different soybean products exported. Therefore, the system
boundary includes the life cycle sw@iages of agricultural production and land use change. |
compared one tonne of soybeans produced in Brazil, Argentina and Paraguay and exported to the
fifteen largest consumers of these countries in 2017. The resulidheefore expressed in an

impact score per segq.

Land use impacts were ascribed to the producing region in which the crop was most likely cultivated
as identified using 3fnetre soybean harvested area maps from 2@$ong et al., 2021y hese
impacts vere then ascribed to the most likely consuming countnysed egional data from the
Trase project including export volumes of soybean and derivegrdgucts from Brazilian

municipalities, departments in Argentina and districts in Paraguay (herein referred to as
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municipalities for ease of referentto related counties of import in 2017. These were aggregated

to states in Brazil, provinces in Argentina and departments in Paraguay (herein referred to as
stateg. This approach allows the estimation of environmental impacts associated with each
soybean exporting jurisdiion as well as consuming country, depending on the relative export
volumes The latterA & NB FSNNBR (2 | dantwag devemped hyadhuilfiedzlell Jt &
al. (2021) The resulting supply chain maps can be downloaded ffease and | used thetest
versionsavailable feferred to as Trase SEI PCS version v2.5.0 (Brazil), v1.2.1 (Paraguay) and v1.0.
(Argentina). From the producing side, | estimated environmental impactsanicipalities state,

biome and country level. This resulted in thdimsition of environmental impacts embedded in
soybean exports of 227&unicipalitiesin Brazil, 207 in Argentina and 182 in Paraguay. From the
consuming nation perspective, environmental impacts are calculated forfifteen largest
consumer countriesb&R 2y G KS LINPRdzOGA2Y 2NRAIAY 2F SI O
three studied producing countrieConcerningtrade flows for which themunicipalitieswere
unknown, | assumed country average environmental impaethijch | weighted by each

municipalities) &2 & LINPORAzOG A 2y

3.2.2 Life Cycle Inventory

¢KS [/ L NBfAPGS adnyial suiiloralSpibductipnOaind harvested area data to
estimate soybean land occupation area for each studied producing codmmase, 2018)
Consequently, land @tpation (hectareyear) per tonne soybean is estimated as the inverse of the

yield (tonne per hectare).

Land use change

Land use change emissions from cropland expansion attributed to prodouingcipalitiesand
biomes included changes in the carbon stocks of abovegraumd belowground biomass and soil
organic carbon. Thesamissions (in t C{&q ha'yr?!) were amortized over a 2¢ear time period to
annualize the emissions after the conversion to cropldietiowing the PAS2050 methodobgy

(BSI PAS, 201&or cropland areas where conversion from natural land took place more than 20
years ago, no emissions from land use change were attributed. See Lar{RéRa)for a detailed
description of the methdology to calculate greenhouse gas emission following land conversion

(see sectiors.2.2Carbon stockestimation).
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To allowa consistent comparison of land cover change across the three producing countries in
SouthAmerica, | chose the land cover map&&A CC2017) This dataset has global coverage with

a high spatial resolution (300 x 300 m), provides yearly land cover maps between 1992 and 2019
and includes 23 different land cover classes (Bable 2.1). They have beensedpreviously to
analysecropland expansion at the global level by Eigenbrod g€P8R0)andLam et al(2021) 20-

year historical soynduced cropland expansion was identified at the polygrel by intersecting

raster maps of soybean harvested area by Song €2@21)with ESA raster maps in 1996 across

soy producingnunicipalitiesand biomes in Argentina, Brazil and Paraguay {sd#e 2.1 for an
overview of ESAClland cover classesland use change was calculated for the current major
producing soybean biomes and municipiak seeFigure3.2). Following Eigenbrod et g2020) |

SEOft dzZRSR GKS 9{! //L tlIyR O2@0SN) Ofl 4aSa Waza
land use change to soybean production, as this leoder type is likely smallholder agriculture
(Eigenbrod et al., 2020) therefore assumed thaD2 Yy S NEA2Y 2F Wa2adlisA O 2
rather an intensification of agriculture rather than natural land conversion (see next chapter for an
analyses bthe sensitivity to this choice)assumedaone year lag period between land use change

and soy production, following Escobar et @020)and TRASE020) Therefore, the land use

change since 1996 was attributed to soybean production in 2017.

Aboveground carbon (AGC) stocks for the different land cover types were derived from a
combination of different data sources. For the forest land cover class, | used the raster data of global
forest aboveground biomass (AGB) from Santoro et(2021) using mean values for each
municipality (excluding values of 0) (sBgure 21 F2NJ I O2Y LI NRAazy 27F ¢
maximum and 99 quantile). As in Lam et g2021) the Santoro dataset was selected for forests

as it provides globally consistent AGB values of baihital and nortropical forests at a high
spatial resolution (100 x 100 m). The Baccini et28l12)forest carbon dataset used in Escobar et

al. (2020)wasnot deemed suitable for this study as it only covers tropical forests therefore not
providing AG@stimates for southern Brazil and Argentina (though it covered Paraguay). To convert
aboveground biomass from Santoro et @021)into carbon, | used the conversion value of 0.47
tonne AGC per tonne AGB provided by Ruesch and @b68) For the othemon-forest land cover
classes | used the Intergovernmental Panel on Climate Change (IPCC) default Tier 1 abovegroun
and belowground carbon stock valsi provided by Ruesch and Gil§p808)which are available for

each carbon zone of the worlddeTable 2.2).
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Accordingto Spawn et al(2020) the maps provided by Ruesch and Gif2B08)still remain the

main source of global abovand belowground carbon estimates going beyond a single land cover
type. Average estimates of carbon stocks wetg each land cover class (ESA, 2017) in each
municipality, derived by intersecting the carbooze polygons from Ruesch and Gil§p808)with

0KS Ydzy AOALI} f AleQa LRfed2yad . St23aNRdzyR Ol N
carbon using roeto-shoot ratios for each land cover type within each carbon zone provided by
Ruesch and Giblf2008) After conversion to cropland the abovegrourehd belowground carbon
stocks were assigned a value of zero as soybeans are annual crops where all biomass is taken o
the field after harvest(Escobar et al., 2020)o calculate emissions from soilrban stocks, |
followed the approach of Escobar et @020) To estimate soil organic carbon (SOC), | used a raster
dataset (5 x 5 km) covering South America fronev@ra et al.(2019)and soybearspecific land
management factors to estimate soil orgac#rbon loss following the conversion of natural land

to soybean cultivatiorfEsteves et al2016) Overall, the losses of carbon stocks were expressed in
CQ eq. emissions and aggregated to biome level and municipalities to be able to link them to Trase

supply chain data.

Double cropped areas were derived from national production statistics from BRGE, 2018)
ParaguayINBIO, 2017and Argentina(Ministry of Agriculture, 201 {see maps ifrigure .2) and
used to allocate land use associated impacts to the second (o) thop. | assumed that the second
(or third) crop would be responsible for half (or a third) of the land-associatedmpacts per unit
area, following Escobar et §2020) Therefore whether crops are produced in double or triple

cropping cycles has a large effect on the estimated environmental impacts.
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Figure3.2. Map of the study area with borders of major soybean producing states a) and land cover
of major soybeasproducing biomes bin Brazil (BR), Argentina (AR) and Paraguay (PY) (adapted
from (ESA CCI, 201 BSA CCI Land Cover Classes were aggregated touandlasses used in this
study. State names were abbreviated with AP = Alto Parana, BA = Bahia, BA = Buenos Aires, CD
Canindeyu, CG = Caaguazu, CH = Chaco, CO = Cordoba, CZ = Caazapa, ER = Entre Rios, GO =
LP = La Pampa, MG = Mato Grosso, MH a0, MI = Minas Gerais, MS = Mato Grosso do Sul,
Para = PA, Pl = Piaui, PR = Parana, RO = Rondbnia, RS = Rio Grande do Sul, SA = Salta, San P
SD, SC = Santa Catarina, SE = Santiago del Estero, SF = Santa Fe, SP = Sao Paulo, TO = Tocant

Water

As no spatialkexplicit irrigation data wereeadilyavailable, | used as inventory data for Argentina
a valueof 170 n¥/ton soy and for Brazil and Paraguay 14%ton soy based on Caldeira et(2018)
These numbers are in line wigstimates tha currently 24 % of soybeans groware irrigated in

those three countries viww.yielgap.ord requiring around 6000 #Afton if 100% of soybean

harvested area is irrigatedFlach et al.2016)

3.2.3 Life Cycle Impact Assessment

| assessed footprints covering potential impacts on natural resources (soil, water) as well as the
natural environment (biodiversity, greenhouse gas emissions) within an LCA framewiguke

3.1). These impact categories were chosen because they were identified as key priorities in the
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preceding stakeholder engagement process (degpter 2), but also as their CFs were available at
the high spatial resolution which was required to study the benefit of spatially refined agricultural
trade flow data in LCA. Additionally, for these impact categories the required inventory data are
avaibble across the entire world, allowing the potential for a consistent approach for consuming
countries with global sourcing patterns. As common in LCA, land use footprints are calculated by
multiplying flows of land occupation (i.e. land use) and landsf@mation (i.e. land use change)

by CFs describing the change in quality of this land due to the human usRi¢ngtt and Navarro
Garcia, 202p

3.2.3.1Land use change emissions

The climate change potential is expressed in-€@in terms of the additional warming over the
next 100 years as common practice in LCA. The PAS2050 niBBbBRAS, 2012)as followed to

calculate C@emissions from land use change.

3.2.3.2Biodiversity

Potential impacts on biodiversityere calculated using the CFs developed by Chaudhary and Brooks
(2018) These CFs represent the latest evolution of models which came out of a confiedsus
process of experts lead by the Life Cycle Initiative ofWheEnvironment Program (UNEP) and
originally developed by Chaudhary et @015) These CFs are based on the countryside Species
Area Relationship (cSAR) model describing the relationship between available habitat area and the
number of specie¢seeFigure 2.3 for CFs of each ecoregiofjherefore, his indicator describes

the potential species extinctions arising due to human land occupation. The assumption is that the
more natural landi(e. habitat) that has already been converted historically within a biome, the
more likely that species will go exting@haudhary et al., 2015CFs are available for five different
human land use types and three different land usinsities {.e. minimal, light and intensive). |
applied the CFs provided for intensive crops as | assumed that the majority of soybeans for export
are produced intensively. | have calculated biodiversity impacts from land occupatiose(sesmn

S.2.BCalculation of Biodiversity Damage Potenfialdetailed equations).

| used the ecoregiorspecific C&for occupation which are expressed Potentialy Disappeared
Fraction (PDF) @pecies Loss per’dand occupatior{Chaudhary and Brooks, 20%8)d based on
the ecoregionmaps provided by The Nature Conservan@NC, 2019)Chaudhary and Brooks
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(2018) provide CFs separately for mammals, birds, amphibians, reptiles and plants though for
completeness | have used the CFs aggregated across all taxa, as recommetitedifey Cycle
Initiative of UNEP SETAC (Society of Environndiatéicology and Chemistry). To aggregate the CFs
to the municipalities | areaweighted the ecoregioispecific CFs by the share of soybean area in
each ecoregion within eacmunicipality The occupation impact (Ptan be calculated as the
product of the Characterization Factor for OccupatioBi) the occupiedarea Ac, and the

duration of the occupation processct(Koellner et al., 2013pr each land useand administrative

level region
Frog Brdd=tm 13 Ares, (Equationt)
F Jj B_ﬂﬂi (Equation2)

Where CSM is the harvested araaighted share of ecoregighA 0 KAy S OK LINR RdzOA

region; following Lathuilliére et al(2021)

3.2.3.3Water Scarcity

Within LCA, potential impacts resulting from water consumption are estimated using a water
scarcity indicator. The water scarcity indicator Available Water Remaining (AWARE) resulted from
aconsensudinding process of water experts lead by the Life Cipnifative of UNEFSETA@Nd can

be found inBoulay et al(2018) This indicator describes the potential to deprive other users of
water (human or environment) downstream. The assumption is that the less water is available in
the watershed, the more likelthe water consumption will lead to a deprivation of another user
(Boulay et al., 2018)he indicator is expressed in world equivaledttanallow comparison of the

same product across different regions and ranges between 0.1 and 100. Spadjditjt ndicators

are available for each watershed of the world. This means that the CF describing the water scarcity
is the same for any region within the watershed (see majgigure S2.4). | used the annual
aggregated CFs for agricultural Beulay et al., 2018}t has to be noted that AWARE only ascribes
potential impacts to blue water consumption(. irrigation) but not to greenife. rainwater) water
consumption However, | do not expect this to substantially influence the relative ranking between
producing regions (also see discussion).-@oygluction related water scarcity footprints were
calculated by areaveighting water scarcity by intersecting maps of water sca{Boulay et al.,

2018) with the soybean harvested area from Song et (@021) To aggregate the CFs to the

municipalities Equation 1 and 2 were followed.
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3.2.3.4Soilproductivity loss

Impacts on soil were estimated by using CFs for water eral@waloped within a LCA framework

by Sonderegger et aR@20. Sonderegger et §2021)developed Céfor soil erosion based on the
Revised Universal Soil Loss Equation (RUSLE) describing soil erosion depending on erodibility (st
texture; K); erosivity(rainfaltrunoff; R), slope length and steepness (topography; LS) and crop
practice factor (tillage; CP). CFs for the RUSLE component which cannot be influenced by
agricultural management (i.e. KRLS) were provided as a raster fdermgeregger et a{2020),
whereas the crop management factor was extracted from the literateeFigure3.1). Dueto a

lack of better knowledge, | assumed a wetase assumption of 10 conventional tillage
practices i¢e. ploughing) which is typical f@outhAmerican soybean productiofEscobar et al.,

2020) Therefore, | used the related crop management pracfaetor of 0.1576° found in an
empirical study in Brazil for a soybeaeat crop rotation(Da Silva et al., 2020)Vater erosion CF

are expressed in the unit % productivity loss per soy eqeaver the next 50 yearé&Sonderegger

et al.2020. Sondereger et al.(2020)derived the erosion CFs by multiplying the soil erosion rates
(from the RUSLE model) with a crgipecific conversion factor tralaing soil erosion rates into

yield losses.

The soidependent CFs are available aggregated to countrysahehational level but also as raster
files (1 km resolution). | have used the CFs aggregated from the raster nmapsitdpalities | took
the cropspecific and continerspecific conversion factor converting erosion rates to productivity

loss(unit in %/Mg) from Sonderegger et a2021)

In cases where the st G A 2 y I £ 2ZNAIAY gl & Wdzylyz2eyQ- AY
average impacts weighted by the fraction of the commodity trade volume produced in each

municipality(following Lathuilliereet al., 202).

Overlaying rasters of soybean harvested area with land cover maps to adalysesoyinduced
land use change was conducted withde developed iGoogle Earth Engin&@he output of Google
Earth Engine was.asvV file of the area convextl of each ESA Q2017)land cover class to soybean

within each municipality and biome. The data in the .csv file was further analysed within the

20 Reduced tillage practices would lower the crop management factor to 0.0407 atillage to 0.0368 (Da
Silva et al. 2020).
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software RThe rest of the analyses and graphsreperformed in R statistical software (v4.0R
CoreTeam, 202)in Rstudio (v1.4.100&R Studio Team, 202with tidyverse, dplyr, ggplot2, tiff,

sp, rgeos, exactextractr, raster, ncdf4, sf, RcolorBreaekages.

3.3 Results

3.3.1 Biomelevel comparison

3.3.1.1Greenhouse Gas emissions from direct land use change

The area and type of land cover converted to soybean production in the last two decades varies
between biomes in Brazil, Argentina and Paraguay. | estimated how much of the soybean harvested
area in 20¥ had been natural land twenty years ago. Most natural land was converted pee ton
soy-eq. in the Brazilian Amazon (98/trsoy-eq), followed by the Argentinian Chaco Seco (Spanish:
Dry Chaco) (54 #t soyeq) and the Argentinian Chaco Hume@panish: Mist Chaco)l51 n¥/t

soyeq) (Figure3.3a). In contrast least land was converted in Argentina in the Pampa? soy-

eq) and the Espinal (11%hsoy-eq). Differences between biomes become even more pronounced
when this land corersion is translated into greenhouse gas emissions: the Amazon has 28 times
more greenhouse gas emissions from land conversion than the Argentinian Pampa per-&an soy
(Figure3.3b). This is due to the higher share of carlmlamse forests being converted in the Amazon
(88%) compared to the Pampa in Argenti(ii7 %); largely a result of the different natural
vegetation types in these biomes (see langder mapin Figure3.2). Land use change emissicare

lower in the Mata Atlantican Brazil and the Pampas in Argentina and Brazil. In those biomes natural
land was converted to agriculture more than 20 years ago as they are geographically closer to
coastal ports and domestic consumptioentressuch as Sao Paulo and Rio de Janeiraeder, as

land use change related impacts are only allocated if they happened in the 20 years before crop
production, these historical emissions are not allocated. As the tropical moist forests in the Amazon
store more carbon than the dry forests of thedch, the differences between these fordgsbmes

become more pronounced when translated from converted area to carbon emissions.
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(tt1) (c). Ordered within each producing country by decreasing land conversion area.

3.3.1.2Biodiversity

Differences between biomes in thHaodiversity damage potentialF{gure3.3b) are larger than
differences in land occupatiofrigure3.4). Across thdiomes, land occupation LCI varied between
the Chaco Humedo in Argentina with a median of 2356 soy-eq (2255 M/t soy-eq¢ 2998 nt/t
soy-eq) to the Pampa in Brazil with 3333/tnsoy-eq (3037 ¥t soy-eq¢ 3703 nt/t soy-eq) (ranges
represent the variability between municipality jurisdictions expressed in first and third quartile)
(Figure3.4a). Land occupation values are also relatively simathe Cerrado in Brazil, the biome
producing most soybeans in South America with 2942 soy-eq (2559 nit soy-eq -3041 n¥/t
soy-eq). These ranges in land occupation are largely dugpatiad differences in soybean yields.
Differences between the biomes become more pronounced when consideringdbgpation
impact (O)): the Ol of the Mata Atlantica in Paraguay (11.4 x*48oy-eq) is more than five times
higher than theOlin the Argeninian Pampa (2.2 x #0/soy-eq; Figure3.4b). The largesOis are

associated with biomes which either have many endemic species and/or have béect sotarge
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scale agricultural land conversion leaving little hédfitfor species€.g.Mata Atlantica in Argentina

and Brazil, see CFHkigure 2.3).
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Figure3.4. Boxand Whisker Plot of land occupation (a) daccupation impacdtb) in Global species
eqg. lost of major soybean producibgpmes in Argentina, Brazil and Parag(RYR017 per soyeq.
Biomes are ordered within each producing country by decreasing land conversion(lsagd.
occupationvariability of Admidevel 2 within each biome)
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3.3.2 State andmunicipalitylevelcomparison

To be able to compare results across the different environmental impact categories, | calculated

impacts for each majostate.

3.3.2.1Water scarcity

CFs of water scarcity at the level of municipalities range between 0.1 and/30yreq. (0.93+

1.79; Figure3.5). CFdetween the 16 and 90" percentiles range between 0.52 and 1.50 indicating
that the large majority of soy production is in watgoundant watersheds. The largest CFs are in
the Argentinian States of San Luis and Buenos Aires and in the Brazilian states of Maranhao anc
Minas Ger&. More than 706 of municipalities above the 90 percentile are located in these four
State regions. While none of these watararce regions in Brazil are producing large volumes of
soybeans, in Argentina Buenos Aires is the largest soybean produoiigge (sed-igure3.5). In
comparison, the wateabundant municipalities below the T(ercentile are spread out over many
different municipalitiesin Paraguay Paraguari, in Argentina Entre Rios and Santa Fe and in Brazil
Santa Catarina and Mato Grosso. However, the variability wsthta can be large which is the case

for the state of Maranhao in the northast of Brazil where water scarcity variecross

municipalities between 100 and more than 900 world eq. m3 per ton soyHigere 2.4).

3.3.2.2Soil Productivity Loss

Characterization factors of #groductivity loss from water erosion range between 0.2 and?%.8
ha-yr/t soy-eq. productivity loss over the next 50 yeas 34+ 0.47) of municipalitiesKigure3.5),
illustrating the spatial variability in soil erosion between producing regions. CFs betweenthe 10
and 90" percentiles range between 3.0 and 384hayr/t soy-eq showing also a large nability.

The largest CFs are found in the southern Brazilian states of Santa Catarina, Rio Grande do Sul ar
Parana (see majm Figure3.2) characteizedby relatively higher precipitation. Within these three
states, 88% of municipalities with CFs above thé"3@rcentileare found In contrast, CFs below

the 10" percentile are found mostly in Argentiti@9%) In particularin the states oBuenos Aires,

Santa Fe and Santiago del Esfemnere rainfall events are less pronounced leading to lower

erosivity.
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Aggregating impacts from municipality to state using the commodity(seg section 3.2.3.2 and
Equation 2)identifies slightly different regions as geographic hotspdtable 2.5). Taking the
latter approach, mong the fivestateswith largestimpactswere three in the Brazilian biome
Amazon (Para witB.53t CQ-eq./t soy-eq), Ronddnia witl2.58t CQ-eq./t soy-eqand Mao Grosso
with 1.78t CQ-eq./t soy-eq.), one in the Argentinian biome Chaco (Salgéi1.CQ-eq./t soyeq.)
andoneAy GKS . NITAf Al yMaboRiBa SNB BN 2P t ORRFJZABHECA (MK
eq). However, most of these regiomgth high LU@missiongper production unit produce rather
small volumes of soybeans except Mafrosso Figure 3.5). Those regions with large soy
production had rather small LU£nissions such as Rio Grande Do Sul (0.37 +€20t soy-eq.),
Parana (0.34 t G&&q./t soyeq.), Goias (0.11 t G€q./t soy-eq.) and Mato Grosso do Sul (0.32 t
CQ-eq./t soyeq.). However, many states which had low median eb@siongbelow 1 C@eq./t
soy-eq.) were high from a biodiversity impact perspecti#g(re3.5b) and tended to have larger

soil erosion impacts of more than 02 productivity loss per tonne s@&g. Figure3.5d).

Estimating statdevel impacts by averaging across municipalities (rather than by weighting by the
commodity mix; see Equation 1 and 2 in secBah 3.2, increases LUC emissions especially for the
MaToPiBa regions Piaui (2 5CQ-eq./t soy-eq), Maranhao (2.81 CQ-eq./t soyeqgand Tocantins
(1.81t CQ-eq./t soy-eq), whereas for Mato Gre® LUC emissions were lower with 1t12Q-eq./t
soyeq (Table 2.5).

The two producing regions showing the smallegiCemissionsvere Santa Fe (06 CQ-eq./t soy
eg.) and Cordoba (0.02 &€x./t soyeq.) in central ArgentinaF{gure3.5a). These two regions
produce relatively high volumes of soybeans with aroundnlilon tons in 2017 and also ranked
low in impacts of biodiversity and soil erosion compared to the otheestfiable3.1). While Santa
Fe also had low water scarcity impacts, Cordoba had a median impact of around 260ldeq

per tonne soy.

For all stuted impact categories, the variability within each state was quite high. Especially for the
two largest producing regions in Brazil (Mato Grosso, Rio Grande do Sul), variability was large for
LUCemissionganging from 0.097.0 t/t and 0.24.2 t/t, respecively Figure3.5a). This variability is

because soynduced landuse changeavithin these states is distributed unevenly.
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Table 3.1. Comparison of ranking of each majsoy producing state, ordered by decreasing
transformed forest area embodigd one tonne soyeq. for each impactategory studied. Numbers
illustrate the ranking of each state with the number 1 (red) illustrating the largest impact and 28

(green) the smallest impact.

Land Use Mean
Producing | Change Water Saoll rank
STATE Country | emissions| Biodiversity | scarcity | erosion
SALTA ARGENTIN, 4 20 25 14 15.75
PARA BRAZIL 1 22 10 5 9.5
RONDONIA BRAZIL 2 12 23 13 12.5
PIAUI BRAZIL 3 13 1 9 6.5
CAAZAPA PARAGUAY 8 8 9 18 10.75
SNE-Q'I%‘SROODEL ARGENTIN, 16 24 21 28 23.75
MATO GROSSO BRAZIL 18 13 19 13.75
CHACO ARGENTIN, 9 21 28 24 20.5
CAAGUAZU PARAGUAY 11 12 16 10.75
CANINDEYU PARAGUAY 12 11 8.5
MARANHAO BRAZIL 6 15 4 5.75
SAN PEDRO PARAGUAY 18 7 6 20 12.75
SANTA CATARINA BRAZIL 13 2 24 1 10
ALTO PARANA | PARAGUA} 17 1 18 11 11.75
BAHIA BRAZIL 14 14 3 21 13
ITAPUA PARAGUAY 10 17 10 10.75
PARANA BRAZIL 20 5 20 3 12
TOCANTINS BRAZIL 7 16 7 12 10.5
SAO PAULO BRAZIL 23 10 19 15 16.75
MATO SSLOSSO 0 BRAZIL 21 11 14 17 15.75
RIO GRANDEDO § BRAZIL 19 9 22 2 13
LA PAMPA ARGENTIN; 26 23 5 26 20
ENTRE RIOS | ARGENTIN,; 15 26 26 22 22.25
MINAS GERAIS BRAZIL 24 19 8 6 14.25
GOIAS BRAZIL 25 17 16 7 16.25
BUENOS AIRES | ARGENTIN; 22 25 4 25 19
SANTA FE ARGENTIN, 27 28 21 27 25.75
CORDOBA ARGENTIN, 28 27 15 23 23.25
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3.3.3 Consuming nation perspective

3.3.3.1Sourcing pattern across biomes

Sourcing patterns were quite variable across consuming countries. Many countries got the majority
of their soybeans from higproducing Brazilian states (eldato Grosso, Parana, Rio Grande do

Qul; Figure3.6a). The two largest soybean consuming nations China and Brazil sourced in 2017 from
these three states 50.% and 54.86 of soybeans, spectively Figure3.6b). In contrast, other
O2dzy iNASAaQ LINPRdAzOGA2Y Y Sdn Fe BunbsYABes, TThiRola). THede S
three depatments produced the majority of soybeans for Vietnam (6%)9 Indonesia (52%),

Italy (51.8%) and Egypt (76%). Only Turkey sourced large volumes from Paraguay, nameéty 46
(mostly from Canindeyu and Alto Parana).
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Figure 3.6: Soybean consumption for each majoonsuming country(a) and share of this
consumption produced in the stategross Brazil (BR), Argentina (AR) and Paraguay (PY) in 2017.
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The difference in sourcing patterns affected which environmental impact was largest for each
consuming country. Sourcing larger shares from Mato Grosso in the Brazilian Cerrado resulted in
largerland use changemissiongFigure 3.@), whereas large shares from Parana and Rio Grande
do Sul in the Mata Atlantica in southern Brded to larger biodiversity and soil erosion impacts
(Figure 3.B, d). In contrast, potential water scarcity wiasgerfor consuming countries sourcing
larger proportionsfrom Buenos Aires and Cordoba in Argentina and Bahia in Bfapiré 3.¢€).

These geographical differences lead to differences in the environrhentects per soy eq. For
example, Spain had three times mda&d use change emissiofis13t CQ-eq./t soy-eq) than India

(0.27t CQ-eq./t soyeq), Egypt (0.31.CQ-eq./t soy-eq) or Vietnam (0.26CQ-eq./t soy-eq). These
differences are due to Spasourcing large trade volumes from municipalities within the Brazilian
Mato Grosso state in the Amazaevhich ishigh in historical land use change. Countries watlv |

land use change emissiossurcedlarge trade volumes from the states of San Luis andid@r in
Argentina (biomes of Pampas and Espifédgre .5). In contrast, biodiversity impacts were
largest for Brazil (14.3 x 1OPDF tonn&/t soy-eq) and France (14.0 x 10PDF tonn&/t soy-eq)

being around three times higher than for Egypt (3.9 X°1PDF tonn&/t soy-eq). Herelarge
biodiversity impacts were due to large shares of soy sourcing from southern Brazilian states such
as Parana and Rio Grande do Sul in the Mata Atlantica bieigeré 2.5) where agricultural land

conversiorhasleft little habitat remainingfor species.

Considering the two largest soybean consuming count@sna and Brazitheir different soy
sourcing patterns lead to differemistimated impactsKigure3.6). Forexample, KA Yy I Qa %A Y | §
share of soybeans from Argentina leads to higher water scarcity impacts per (bahke3.2). In
contrast, soybeans for Brazilian consumption are to a larger extent produced in the southern states
of Brazil (e.gRio Grande do Sul,ofas, Parana) where soil erosion and biodiversity impacts are
larger, butLUC emissionare lower. These differences abecauseBraziliancentresof domestic
consumption are located in southern Brazil around cities 3@ Paulo and Rio de Janeiro where
conversion for agriculture happened centuries ago and therefangl use change emissioase

low while biodiversity impacts are high as little habitat is remainingf@rcies In contrast, Chinese
supply chains are closely linked to the Pampa in Argantinere land use change happenmdre

than 20 years agbut also the northeast of Brazil with more recent land conversiigure 2.5).
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Chapter 3 Multi-indicator Analysis

Impacts per tonne fotUC emisisorend biodiversity are distributed across manynicipalitiesfor

most consuming countries; whereas for water scarcity and soil erosion impacts per tonne are more
concentrated Figure3.8). However, some countridsave larger trade volumes from producing
regions associated with higland use change emissiofror example, for the Netherlands 25
(n=153) of the soybean trade volume came from jurisdictions laitl use change emissioasove

1t CQ per tonne; wherea for Vietnam, only 186 (n=50) of sourcing jurisdictions had such high
LUC emissions (see Figure S2.6 for a comparison of different municipalities miibuting

cumulatively to different consuming countries land use change emissions)

Differencesbetween studied environmental impacts are largest between soybealuced LUC
emissionsand biodiversity. For biodiversity there are manainicipalitieswhich are relatively high

in biodiversity but low in seinducedLUC emissiongellow/green colour~igure3.8b). Although

this pattern is more pronounced for some countries such as South Korea, France and Brseil. Th
differenceshetween biodiversity and LUC emissions apseausesome soybean prodting regions
(e.g.Mata Atlantica) experienced larggeale conversion to agriculture more than two centuries ago
therefore leading to high biodiversity scores as little habitat is left though recent land convirsion

low leading to small LUC emission &sor
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Figure3.8: Distribution ofimpacts ofland use changemissionga),biodiversity occupation impacts

(b), water scarcity (c) and soil erosion (dpr each major soy consuming country for each
municpality sourcing region in Brazil, Argentina and Paraguay. Consuming countries are ranked by
total soybean consumption volume in 207K S 6 dzo dldstEatethesoybéas trade volume

the colour the embedded deforestation argeertonne of soy eq.
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Some countrie§sourcing patterns resulted in low impact scores for all studied impact categories,
while other countrie§sourcing pattern resulted in low or medium impact scores for only few impact
categories. Countries with lowest environmental impaatsoss all the considered impacts are
Egypt, India and Vietham. Consuming countries with small environmental impacts across all impact
categories were sourcing considerable amounts from the Argentinian states Cordoba and Santa Fe
which were characterizedoy low environmental impacts across all the four studied impact
categories Figure3.4) andwere rankedasthe two lowest in terms ofand use changemissions

compared to all major State regions within Argentina, Brazil and Paraguay.

In contrast, countries with high impacts for almost all environmental impacts were France, China
and Spain. For the two largest consuming nations, differences are ldogestater scarcity as a

larger share of Chinese s®from Argentina Figure3.6).
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Table3.2. Comparison of ranking of each major consuming soy country in decreasingfianaer
China (6Q0million tonnes soy in 2017) to France (Irfillion tonnes soy in 2017) for each impact
category studied petonne ofsoy eq. Numbses illustrate the ranking of each consuming country for
each impact category with the number 1 (red) illustrating the largest impact and 15 (green) the
least impact.

CONSUMING nggnléjze Biodiversity Wate_r SO.” Mean rank
COUNTRY emissions scarcity erosion
CHINA 5 5 1 4 3.75
BRAZIL 8 1 8 1 4.5
NETHERLANDS 2 6 6 5 4.75
VIETNAM 15 14 10 14 13.25
SPAIN 1 8 2 8 4.75
INDONESIA 12 10 11 11 11
THAILAND 3 4 3 7 4.25
INDIA 14 13 14 13 13.5
IRAN 4 7 9 6 6.5
ITALY 10 12 7 12 10.25
SOUTH KOREA 11 3 15 2 7.75
TURKEY 9 9 12 9 9.75
UNITED KINGDON 6 11 5 10 8
EGYPT 13 15 13 15 14
FRANCE 7 2 4 3 4

3.4 Discussion

3.4.1 Implications foiscience

Benefit of spatial heterogeneity and coverage of multiple producing countries

Theassessment of land use and land use change related impacts presentezbhgslements and
improves on existing estimates.{.Lathuilliere et al., 2021; Escobar et al., 2020; Zu Ermgassen et
al., 20202 by consistentlycovering all majoiSouth American sgbean producing countries and
multiple impact categorieat a high spatial resolutioffhe variability within biomes anstateswas
extremely large across all studied impact categories. This variabititpstly due to the detail in

the underlying LCI, with represent thevariaklity in farming practicese(g.double cropping, crop
yield) and land use change dynamice.g. amountof land converted)but also due to spatial

heterogeneity in the LCIA representing the variability in environmental charaatsr{gtig. carbon
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storage in converted natural land, water scarcity, susceptibility of soils to eroditeyebymy
approachpartly overcomesthe limited spatial resolutiorof traditional environmentakconomic
accounting andife Gycle Assessment method§Gardner et al., 2019)evealing a large spatial
variability in land use impacts of soy production across the three prodwcingtriesper unit of
soyeq. Nevertheless, variability for a small country like Paragaaybe much smaller than for a
large country like Brazil. Especially for LUC emissions, water scarcity and soil erosion, variability
within large Brazilian states (e.g. Marosso, Para, RiGrande do Sul) was larger than the
variability within the entire country of Paragualigure3.5). (Note that Mato Grosso is twice as
large as the area of Paraguay and produces three times more soyb&aaddrge range of values
acros the different impact categories and producing jurisdictitmsd herehighlight the benefit
of tracing commodities to municipality rather than state leteebetter identify impacthotspotsfor

large countries like Brazil.

Comparison across biomes asthtes: tradeoffs

While the conversion of newoody vegetation might have little impact on greenhouse gas
emissions, converting newoody vegetation for soybean production can nevertheless lead to other
environmental impacts such as biodiversity losBnd that while soyinduced LU@missionsis

largest for the foreshiomes Amazon (Brazil), Chaco (Argentiaad Mata Atlantica in Paraguay
(Figure3.3), biodiversityimpacts are also high in ndorested biomes such as tHeampa or the
Cerrado Figure3.4). This illustrates that while LtiEiven impacts in LCA aomly emerging and

still highly discussed (e.gueddeckens, Saling and Guenther, 2086 current focus of assessing

land use change impacts in LCA and footprinting mostly in terms of greenhouse gas emissions anc
increasingly biodiversit{De Rosa, 2038 might lead to tradeoffs with other sustainability
challenges. While the current focus is on global impacts such as accelerated climate change and
global species loss (e @haudhary and Brooks, 2018w LCA studies consider the local impacts

of landuse and land use change (LUL{I®) Rosa, 2018nd the multifunctionality of ecosystems
(Othoniel et al., 2016)To my knowledge this is the first study which studies impacts of LULUC on
soil erosion in addition to greenhouse gas emission and biodivensfigcts. Some states were
identified as soil erosion hotspots whighould have not been identified as hotspoisonly LUC
emissionsvere considerede.g. Santa Catarina, Rio Grande doMglre3.5). Therefore, methods

need to account for the quality of the converted natural land expressed in chaodesdiversity

or ecosystem services.g.water provisioring, sediment retention, nutrient cyclipgs well
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Comparison to other studies

The length of the land use changenortisation period and the native vegetation typeeing
convertedOl y OKIFy3S gKAOK 3IS23INILIKAO NBIA2ya 3ISH
3-year allocation time perio&Escobar et a(2020)found higher soyinduced LU@missiondor the
Cerrado Q.51 CQeq./t soy-eq) than the AmazonQ(3 CQG-eq./t soy-eq). In contrast in this study

the Amazon 3.5 CQ-eq./t soyeq) had higher emissions from sayducedLUC compared tthe
Cerrado(0.56 CQ-eq./t soy-eq). These differences attikely becausemy LUC amortisatioperiod
(19962016) included the early 2080n which deforestation rates in the Amazon were much higher
than in the time period of 2012015 which Escobar et gR020)studied (see Chapted for a
detailed analyses of the effect of land use charagerortisation periods onsoyinduced LUC
emission¥. However,Song et al(2021)had a broader geographic scope including-smuced land
conversion in all South American countries and a longer-pigréod (20032016) and identified the

14 municipalities with the largest ségduced deforestation in the states of Mato Grosso (Brazil)
the MaToPiBa states (Brazil), but also Salta and Santiago del Estero (Argd@najore, the
deforestation hotspots identified by Song et (@021) overlap with the deforestation hotspots
identified in this chapter except for Caazapa in Paraguayhwidentified as deforestation hotspot

as well.However, Song et g2021)did not account for thecarbondensity of these converted
forests. While | found in this study that Salta experienced the highest forest area loss allocated to
one tonne of soybeaeq., forests in Salta store less than a third of the aboveground carbon (19
Mg/ha) than the tropical moist forests in the Amazon being converted in Mato Grosso (66
Mg/hectare Table $8.1).

Choice of indicatarSpatial resolution of indicator

Due to the complexity of biodiversity, inclusion into LCA is challenging (s€&uergn et al., 2016

In line with the life cycle initiative lead by UNEP/AET have followed their guidance taie Cycle
Assessment and applied the indicator developed by Chaudhary and Bi2@k8)to account for

land use impacts ohiodiversity.This indicator was selected during a consensus finding process as
at that time it was the best availabl@eixeira et al., 2016 terms of global coverage, based on
scientific models of species richness, weighting of vulnerability (IUCN threat) anidéeability
(rarity) and stakeholder understandability (Chaudhary et al., 2015However, whereas this
indicator has the advantage dieing simple and therefore easily applicable, it also has several
shortcomings according to a recent critical review byr@a et al(2020) Firstly, it is limited by its

spatial resolution to the ecoregion levelssuming the same impact for any region within one
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ecoregion. While this simplification might be acceptable for small ecoregions (depending on the
purpose of the wdy), for large ecoregions such as the Cerrado this limits the ability to understand
the variability of impacts within the biome. For example, Green €Rall9)showed that within the
Cerrado there is a hugspatial variability inthreats to species antherefore differences in soy
sourcing patternsesult in different biodiversity footprintetween consuming countriednother
fAYAGLIGAZ2Y 2F SELINBaaAy3d o0A2RAGSNBEAGE AYLI Ol
only describes species bbut does not account for the mulimensional nature of biodiversity
(e.g. geneticecosystem diversity species abundance). As Marquard et(2019)found that the
choice of biodiversity indicator can affect the outcome of the study, decisiakingshould be
guided by multiple biodiversity indicators. However, as indicators should preferably alsalat@w
usersto monitor and report progress towards targd®uran et al., 2020inding easily available

data to do this is a challenge.

Besides bidiversity,different water footprints exist and which indicator is best is highly discussed
(e.g.seeHoekstra, 201p It has to be noted that AWARE only ascribes potential impacts to blue
water consumptioni(e. irrigation) but not to greenife. rainwater) water consumption. A recent
study by Caldeira et g2018)compared results applying the AWARE water footprint to the water
stress footprint method by Ridoutt and Pfis{@013)which accounts for green water and found no
significant difference in theelative ranking between different growing regions of vegetable oils.
Therefore, | believeéhat for the purposeof this study(comparing different soybean production

areas) the AWARE indicator is suitable.

Global data vs nationatlata: Balancing coverage with accuracy

Usingdata with global coverag®r spanninglong time periodssuch asESACCIor land cover or
Baccini et al(2012)for carbon densitgansometimes be less representative of local characteristics.
For example, &tzschner et a{2022)found that global biomass maps underestimate carbon density
in the Gran Chaco byetween seven and4 times. There is also unceiréy in different global
forest carbordatasets In the wet tropics (1%5¢ 10°N), Santoro et a{2021)found 10to 50 % less
carbon compared to the Baccini et 2012)dataset which Escobar et #020)and Pendrill et al.
(2019b)used. However, Santoro et d2021)compared all these AGB datasets to the péntel
inventory and found that Baccini et #2012)overestimated the AGB in the southern hemisphere
wet tropics by 25 to 606 and outside of the wet tropics by #)160%whereas their own dataset

only had few percerggepoints difference. Therefore] believe that the Santoro et a(2021)
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dataset is more reliablésee Chapter 4 for sensitivity of results to different carbon density data)
This illustrates that more conssus building might be needed about which land cover maps should
be used to report progress towards ambitious targets, and also highlights the requirement for

researchesto make clear where uncertainty associated with their data lies

Limitations of thisstudy

Uncertainty in regionalized LCA results can be due to a lack of spegiatlyd inventory data or
spatial variability in the characterization of timapact assessmer{Patouillard et al., 2018)nmy

case study, there was especially a lacksphtiallyexplicit inventory datawhich increags
uncertainty in results For example, uncertaintin spatiallyexplicit farming practices such as
doublecropping (occupation time, LCI), irrigation volumes (water consumption voluf@g,and
no-tillage soi management practices (crop management factor, LCI) may affect confidetie in
impact assessmemesults.But there was also uncertainty in land cover maps (land transformation,
LCI) and biomass density estimates affecting especially land use charsggoamiHowever, sub
national agricultural information (e.g. doubtgopping, yield) was derived from key governmental
production statistics thereforeonsidered reliablg¢Trase, 2020)Nevertheless, Patouillard et al.
(2018)argued in their review that tbre is a balance between tirmnsuming spatialization of LCA
and acceptable uncertainty due to spatial detail. Another source of uncertainty is theorgaar
variability in supply chain configurations of countriesthis chapter bnly estimated impats due

to the supply chain configuration in one year (2Q1Hpwever there might be some variability in
estimated impacts because of the ydaaryear changes in supply chain configuratiblevertheless

a recent study found that at least in Brazilsupplik A ya | NB Wwaid A O|-B0Qead ¥ S N.
(Reis et al., 2020}t also has to be noted that thigoproach is not accounting for4exports(Trase,
2018)and thusimpacts are attributed to the first country of impoffherefore, this approach kky
overestimates the impacts of countries like the Netherlands importing directly large volumes of
soybeans from South America whereas lmcked countries like Austria import low amounts of

soybeans directly.

My results despite including more impactategories than previous studi€e.g. Escobar et al.,
2020, only include impacts from land occupation and land transformation until the {gatestage

of the supply chainTherefore,l havenot accounted foremissions from agricultural cultivation
processing andransport. However, as most impacts from land use, land use change and water

consumption are in the agricultural sta¢€lavreul et al., 2017; Mil&Canals, Rigarlsford and Sim,
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2013) | am confident that this focus is acceptable for impacts on biodiversity, water scarcity and
soil erosionNeverthelessfor LUC emissionsubnational jurisdictions also differ in their transpert

and soyfarming emissionEscobar et al., 2020; Cashegira and Freire, 2013However, as Escobar

et al. (2020)showed that the variability between states in Brazil is mlacherin emissions from

land use change than emissions from agricultural cultivation of soybdamdocus here was on

emissions fromand use change.

3.4.2 Implications fopolicy

Differences between consuming countries and implications for policy

This study showed that there are differences between soybean consuming countries in impacts
from land use and land use change as a result ofréifit sourcing patterns. The findings here on
South American soy adds to existing soybean LCAs by expanding the scope to include more than
single producing country (often Brazil) to all@ansistent comparison across multiple producing
countries(see gapdentified in stakeholder interviews, see ChapterA) three producing countries
studied here aremongthe fivelargest soybean producers globally and Brazil additionally is one of

0 KS ¢ argest Raptiean consume(SAOSTAT, 2020)herefore it was a promising step that
Brazil, Argentina and Paraguay all endorsed the Glasgow Declaration aiming to end net forest loss
by 2030(UN, 2021even though one of them had previously endorsed at the national level the
New York Declaration on Forests (NY[DIN, 2019)However, despite these pledges, deforestation
rates in the Brazilian Amazdmave accelerated in recent yea@VRI, 2020)which brings into
jdzSad A2y . NI INederthdlesspd@suiing ‘coliitrisilSodave responsibilityfor
impacts,since one of the key drivers of tropical deforestation is trade in agricultural and forestry
commodities (Pendrill et al.20198. Many signatories of the NYDF were identified as large
contributors to land use and land use change impaaotghis study guch as UK, Germany,
Netherlands and Italy However large identified contributors such @kina and Spaihave also

now endorsed the @&sgow Convention on Foresighich might be an encouraging sigr land

use trajectories Neverthelessamongthe fifteen largestsoy exporters studied here there are also
consuming countries with sourcing patterns linked to -s@juced LUCemissions wigh have

neither endorsed the Glasgow nor the NYDF: Thailand and Iran. Therefore, there is the risk of supply
chain leakagéLambin et al., 2018)s producers continuing to expand soy production to new land

would still find buyers accepting thoseybeans wth high environmental impacts.
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Additionally, | found herghat geographic hotspotting focusing only on LUC emissions misses
geographic hotspots of biodiversity loss, water scarcity or soil erosion. While the New York
Declaration focused only on forestthe Glasgow convention is broader in scope aiming to
GO02yaSNBS F2NBada | yR2AMHmeNhidiagNiNBHadisakdt heenS O 2 &
followed by theEWD &  LINfBr BIRgulation on deforestaticfree productswhich only includes

W ¥ ZiNiBhEubland and other wooded larout excludes grasslands and wetlands such as the
PampaWWF, 2022)Additionally, to avoid leakage into other ecosystems such as wetlands, the EU
might want to include other ecosystems as well when this proposal witliewed ina fewyears
(European Parliament, 202B) 2 K A f SWaiimk Sork@strady isalsoambitiousin aiming to

reduce footprints on natural resources like water and saitsfar there are a lack of measurable
performance indicatorWRI, 2021 pvailableto monitor progress towards targetand to hold
countries accountable). Harris et al. (2021) published a framework that aff@sonsistent and
annualmonitoring of forest conversionemissions across the worlthat would allow to monitor
LINEINBaa (26 NRa O2dzy i NR S & Cxtilliely NI jprivabe sechoutés @S N

implement those ambitions.

3.5 Conclusions

The complexity of supply chains athe variety ofpotential environmental impactassociated with
internationally traded agricultural commodities create challenges for climate change mitigation and
the sustainable use and governance of natural resould@esorporated suknational supply chain
mapping data from the Trase platform into LCA methods to identify geographic hotspots of
environmental impacts in agricultural supply chains at a high spatial resoluticerahgsemultiple

impact categories simwheously. Taking soy as an example, the research demonstrated that
environmental hotspots are distributed unevenly: hotspots of LUC emissions in Brazil are in the
biome of the Amazon (states of Para and Rond6énia) and the Cerrado (Maranhao, Piaui), whereas
hotspots of biodiversity damage are in the Mata Atlantica stretching across southern Brazil (Santa
Catarina, Parana, Rio Grande do Sul) and Paraguay (San. Redrojtrast,hotspots of water
scarcity are in the northeast of Brazil (Maranhao) and Argar(f@ordoba, Salta, Buenos Aires) and
hotspots of soil erosion are located in southern and seedistern Brazil (Santa Catarina, Rio
Grande do Sul and Minas Geraid)ese differences between soy producing states also affect which
consumingnarketshad the largest footprintswhich isdependent on their sourcing pattern: Brazil

sourcing domestically mostly from southern Bralzdd the largest soproductivity loss(0.24 %

2! https://ukcop26.org/glasgoweadersdeclarationon-forestsandand-use/
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yield lossfonne™) and biodiversityfootprint (14.3 x 168° PDFt soy-eq); Spain sourcing high shares
from Brazilian central west, hatthe largestLUCcarbon footprint(1.13t CQ-eq./t soyeq); and
China sourcing high shares from the northeast of Brazil and Argentiad,the largest water
scarcity footprint(157 n¥/t soyeq). However, the spatial variability of all four impact categories
was large within many states, highlighting the need for traceability of commodity supply chains to

municipality rather than statelevel for robust impact assessments where possible.

A keycontribution to knowledge in this Chapter is the consistent application of available data and
use of multiple environmental sustainability indicators across three major producing countries in
South America, with high spatial and supphain specific disggegation. This information can be
used by multinational companies and consuming nations to identify environmental impact
hotspots in supply chain®ké and Boiral, 2022nanage tradeoffs between different dimensions

of environmental sustainability anddentify partnerships with actors sourcing from similar
jurisdictions to collaborate on sustainability challenges. The LUC emission estimates particularly
could be incorporated into commonly used LCA software to provide spatial detail without
consuming aditional time of LCA practitioners. The approatdveloped in this chapteran also

help to prioritise efforts to improve th85ork95ulture95ion of Life Cycle Assessment. To this end,
more research is also needed to understand the sensitivity of the estimated impacts to different
data and methodological choices to improve the robustness of environmental impact footprints of

agricultural commaoditie.
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Chapter &ensitivity Analysis

The influence amethodologicahnd datachoicein the assessment
of water use)and use and land use change impaexample from

South American soybean production

Abstract

Improvements in the traceability and transparency of supply chains together with satellite remote
sensing have improved the ability tmantify land use and land use change impacts of agricultural
production linked to tradeHowever, so far, most researfbcuses on the uncertainty of input data

(e.g. yield), whereas relatively little research exists on the sensitivity of methodological choices on
LCA results. In particular, methods to quantify land use and land use change impacts are highly

debated, leadig to different results depending on choices made in the application of methods.

In this studyl test methodological choices, alternative data sources and assumptions on farming
practiceson the sensitivity of land use change emissions, biodiversity dansag productivity loss

and water scarcity linked to South American soybean production and.trdidd thatchoosing &

year timeframe to amortise land conversion and emissimstead of 20 years triplend use
change UG emissions for some staseoutside of the Amazorsimilarly the use of an alternative
forest carbon dataset doubles LUC emissions mostly for states in Argentina and Paraguay.
Biodiversity damage is most influenced in the Pampa by the inclusion of grassland land cover in the
transformed area. Water scarcity is more influenced by the spatial variability between states than
the temporal96ork96ulturn of the monthly water scarcity. In contrast, soil productivity loss is more
influenced by the adoption of alternative assumptions on faigrpractices (tillage) than the spatial
variability between states. This study illustrates thmsides the inclusion of more spatially
resolved data to enhance the accuracy of impact assessmérgss also needs to be more
consensus building and harmoai®nto agree on methodological choices and data to consistently

measure land use and land use change related impacts of imported commodities to suppott policy
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4.1 Introduction

Decision makers in companies and governments increasingly rely on LCA tdepigienmaking
towards reducing impacts of food production on climate, water and biodiversity (Lueddeckens et
al., 2020. However, according to Poore and Neme{2&18) there is a lot of variability in the
environmental impacts of agricultural productiofihese authors found that 42 of the variance of
agricultural emissions of products is due to land use change and farming on organic soils. Yet,
despite emissions of LUC contributing arounéo 8o annual global greenhouse gasissions
(Ritchie,Roser and Rosado, 202@here are no agreedetailed standards on how to quantify
greenhouse gas emissis from LUC and how to allocate these to different commodities and actors.
Variability in LCA estimates of agricultural products is inherently lacgepared to other products
(Heijungs, 2020). This is due to multiple factors such as the natural variability in the seasonal
climate, ecological factors (e.g. precipitation, soil type, natural ecosystems) but also methodological
choices such as the spatrakolution(Donke et al., 2020}he land use change (LU&hortisation

period (e.g.Schmidt, Weidema and Brandao, 2015 the allocation of LUC emissions to products
and territories (Bhan et al., 2021). However, most research to date has focused omcémtainty

of life cycle inventory data (e.g. yield, irrigation water use), whereas relatively little research has
been done on the sensitivity of methodological choices on LCA results (Ros2@t8l.Some
methodological choices are highly debated do¢heir complexity, considerable data requirements

and valuebased assumptions (Rosa et2018). This lack of consensus has led to a wide range of
different results (e.gAhlgren and Di Lucia, 20 4llustrating the large uncertainty in estimates
whichcan reduce the credibility of LCA results by decisi@akers(lgos et al., 2019)

Soybeans are a versatile ingredient for many sectors and imported in large quantities though are
increasingly being associated with detrimental impacts in producing redfGstner et al., 2021)
Therefore, robust estimates of carbon and other environmental footprints are needed. However,
as an example, reported land use change emissions can vary largely depending on differences ir
data and methodological choices. Existiagearch found that there is a large variability in reported
greenhouse gas emissions of soybeans largely due to regional differences in land use change
emissionsranging from 0.417.8t CQ-eq./t soy-eqin Castanheira and Frei(2013)and 0.129.47

t QOx-eq./t soyeq. in Escobar et al2020) A recent study found that 8& of greenhouse gas
emissions of Brazilian soybean oil is from LUC when considering all life cycle stages from agricultura

production to retail(Liao et al., 2020)Therefore, understnding how methodological choices and
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different available datasets affect the variability in impacts of land use and land use change for soy

production, is crucial to identify which actionsuld betakento reduce environmental impacts.

In this study, Imade use of subnational production and trade data aimed at improving the
transparency of commodities within globalized supply chains as well as spetipligit global land

cover maps covering the period from 199015 (ESA CCI, 2017kven though studg have
previously analysed the spatial variability of LUC emissions linked to commodity supply chains (e.g.
Escobar et al., 2020there are a lack of studies analysing the influence of different methodological

choices, input data and uncertainty in LCléd®ls on final results.

Ly WFEY2NIAAlLIGA2Y LISNA2RQ NBFSNA (2 GKS GAYS
spread over production in the subsequent years after land conversion. This approach is adopted
instead of the (often less equitablapproach of allocating all of the emissions to fiirst crop
harvestedafter landconversion. This length of the amortisation period is one of the most debated
methodological choices in estimating LUC impacts (De Rosa 201&8). Standards such as the
Greenhouse Gas ProtocWRI/WBCSD, 201anhd FAO guidelines for feed supply chalbEAP,
2016)specify that LUC emissions of agricultural products should be estimated over a timeframe of
20 yearsand use spatialhexplicit data.However, due to a lack of land cover maps spanning a
decadal time periodKulak et al., 2018)studies estimating LUC emissions of crops frequently
choose shorter amortisation periods (escobar et al., 2020Nevertheless, recentlland cover

maps weradeveloped covering consistently long time frames at annual time steps from2@B2

(ESA CCI, 2017Mhis dataset would allowesting ofthe sensitivityof LUC emission® different

amortisation periods

While LUC impacts are most frequently expressegreenhouse gas emissions, impacts of LUC on
other impact categories are less often estima{&k Rosa, 20187 framework on how to quantify
land use impacts on biodiversity in LB#&ellner et al., 2013jefined that total biodiversity impacts

are dueto both land occupation (using land) and land transformation (changing the land use).
However due to the ongoing debate on how to quantify the amount of transformed araedtiple
recent studies on biodiversity impacts in LCA excluded impacts fromremsfarmation (e.gLucas

et al., 2021; Lathuilliere et al., 202 Thereforebetter understanding is needed avhether for the

identification of geographic hotspots of biodiversity impact, focusing on land occupation is
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sufficient or whether including land transformation leads to different conclusions about the

geographic hotspots of concern.

As many LCA studiase limited in their spatial and temporal resoluti¢idellwveg and MildCanals,
2014) often due to limited availability of data, selecting reliable data that balances dethiime
efficiency is a challeng®atouillard et al., 2018All global crogind land cover maps are known to

be associated with some uncertainty in their classification of different land cover (Rirez
Hoyos et al., 2017) chose the global E€AMaps as they consistently cover the producing regions
of interest. However, thse land cover maps do not differentiate between pasture and natural
grassland limiting the reliability of estimates of biodiversity impacts from land transformation.
While this differentiation between managethd natural grassland is less relevant foriesiting

LUC emissionghang et al., 2021 introduces uncertainty when estimating biodiversity impacts
from land conversionEspeciallyor natural grassland such as the Pampa in Brazil or the Espinal in
Argentina.Another limitation of the ESE&Clclassification is that they have one land cover type
NEFSNNBR (2 a wy2alAO 2F F INAROdA ddz2NBEQ 6 KSNB
is natural land and hownuch is agriculture. Therefore, here | tested the sensitivity on biodiversity
impads of including grasslandnd mosaic of agriculture on the amount of land transformation on

LUCemissions

Besides land cover, alternative data sources were available with lower spatial resolution (forest
carbon density and doubleropping) and higher teporal resolution (water scarcity
characterization factorsCFs Here these alternative data sources were selected for sensitivity
analysesas these three alternative data were available and considered as possibly having high

influence on the results.

In this chapter, lassess the sensitivity of results to four kelyallenges in the assessment of

commodities with complex globalized supply chains within an LCA framekigtk¢3.1):

1 Methodological choices: LUC amortisatiperiod, inclusion of land cover types and
inclusion of transformation impacts

i1 Data choices: carbon storage in forest land cover types and daubfgping

1 Uncertainty in LCIA models: soil productivity loss from water erosion

9 Uncertainty in inventory datasoil tillage
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Table4.1. Sources of uncertainty for which sensitivity was studied for each of the different impact
categories.

LUGCemissions Biodiversity Water Soil productivity
scarcity loss
Methodological| § Amortisation 9 Inclusion of
choices period transformation
1 Inclusion of impacts
Wa2al AO[T Inclusion of
I 3 NRA Odz WINI aaf
transformation transformation
area area
Data choices | § Nonspatially 1 Monthly
explicit forest extremes
carbon
Uncertainty in I Min and Max
LCIA models from
Sonderegger
and Pfister
(2021)
Uncertaintyin I Assumptions
inventory data on tillage
practices

4.2 Materials and methods

As explainedin Chapter 3, | combined physical trade flow analyses wiliife Cycle Assessment
principles (see Figure 3.} to evaluate embedded impacts in trade ofne tonne of soybean
produced acrossArgentina, Paraguay and Brazil (see mag-igure 3.2). Again,the advanced
physical trade accounting modd&¥{ LJ- -Explicif Iffé¥mation on Prodtion to Consumption

{ @ 4 0 S ¥YRCSYevelpp@d byTrasewas used to trace through global commodity supply chains
countries of importo the subnationalregionof production(Godar et al., 2016; Godar et al., 2015)
Environmental impact categories inckd Land use changeemissions Biodiversity Damage
Potential, Water scarcity and Soil Productivity Loss. The functional unit was onedbsoghbean
leaving the farmgateDuring the application of the LCA approach in Chapter 3, | had to make
assumptions ad choices which created uncertainty. Therefone,this chapter, | build on the
previousChapter 3 bytestingthe sensitivityof resultsto methodological choiceslternative data

sources andincertainty in inventory data and life cycle impasisessment model parameters.
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4.2.1 Methodological choices

4.2.1.1Amortisation periodf LUC emissions

To compare the consequences of different land use chamgertisationperiods (AP) on carbon
emissions, | used the land cover map provided by ESA CCI coveringentndisig time frames at
annual time steps from 1992015(ESA CCI, 201 7his allowed the mapping of historical land cover
20 years (1996), 10 years (2006) and 5 years (2011) befosotidanting in 2016 for the harvest
in 2017.Changes in carbon atks of land converted to soy production and emitted to the
atmosphere as greenhouse gas emissi@téGuc(Eq. 1)int CQ eq. ha'yr! were calculated as
follows (Lam et al., 2021)

000 ——"28 %0 @)

Where C$we are the carbon stocks before land conversion angh @& the carbon stocks during
cultivation with soybeansr(t C ha) in each soybean harvested pikat timet; APthe amortisation
period for annualising LUC emissions (in yeass)is the duration of the occupation process (i.e. 1
if singlecropped and 0.5 if doubteropped) and Othe conversion factor for converting C to £0

following Lam et al(2021)

4.2.1.2Including land transformation biodiversityimpact

Following Chapter 3, to assdissdiversityimpactl used the indicator developed by Chaudhary and
Brooks(2018)as recommended by the Life Cycle Initiative (UNEP SHRA©A, impacts of land
use on biodiversity are due to land occupation (using lamd)land transformation (changing the
land use) according to Koellner et @013) As the estimation of the amount of transformed area

is uncertain and highly debated, | tested the sensitivity of including transformation impacts
additionally to occupatiorimpacts on biodiversity (se8upplementary Information Chaptef,
Equation?). To calculate transformation impacts, | used the CFs provided by Chaudh&@soakd
(2018) which they derived by multiplying the occupation CFs with half of the regeneration time of
each ecoregion to the natural stat8pplementary Information Chaptdr Equation8). The CF of
transformation fromChaudhary and Brook2018)is expressed in Potentially Disappeared Fraction
(PDF)of species per Ayr! and available for each ecoregion of the world (Seble 32.3). To
calculate transformation impacts on biodiversity, the amount of transformed amezeiftory)
already estimated for LUC emissions over ay@8r amortisation period was taken (ssection
3.2.2.
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4.2.1.3Land cover classes

To estimate the area of change for each land cover type converted to soybean within each
municipality and biome, the raster of soybean harvested area (30 x 30 m) was overlaid WBEESA
land cover maps (300x300 m) of the years 1996, 2006 and 2011 anxiistiative shapefilefDIVA

GIS, 2019)sing code developed within the Google Earth Engine platform. To simplify the land cover
analyses, | grouped the original 28 ES@lland cover classes into the seven land cover classes
further analysed and referretb in this study $ee Table4.2 and Figure3.2). To reduce the error in

the land cover change analyses, | excluded inlase cas@choices taken in Chapter 8)e ESA
pixels classified a$hosaic agricultur®classes 30 and 40) analg considered pixels which are
100% natural land (all classes 50 to 210). phisedurefollowed the approach taken by Eigenbrod

et al.(2020)who used ESBCmaps to analyse global cropland expansion. However, as in this study
the soybean raster hasfaer resolution than the ESBCmaps, it is possible that within the mosaic

of agriculture pixel (300x300m) some natural land was converted to soybeans (30x30m). Therefore,
hereltested the sensitivity of including mosaic of agriculture (classes 3@@nah the soyinduced
transformed area and related carbon emissions results. Another limitation of th€E&#d cover

map is that the land cover grassland (class IB89s not differentiate betweemmanagedand
natural grassland. Therefore, | testeuetsensitivity of excluding conversion from grassland in the

biodiversity impacts.
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Table 4.2. Definitions of theESACCI land cover class@dCL Geomatics, 201@}% prevalent in
countries analysed ithis study and aggregation into land cover classes used in this study for LUC

analyses.

ESA LU class Definitions of land cover class Simplified land | Included
cover class useq in LUC
in this study Analyses?

10, 11, 12 Rainfed cropland Cropland No

20 Irrigated cropland

30 Mosaic cropland (>5%)/ natural Mosaic of Not in

vegetation (tree, shrub, herbaceous Agriculture Base Casq
cover) (<50%)

40 Mosaic natural vegetation (tree, shrub,

herbaceous cover) (>3%)/ cropland
(<50%)

50 Treecover, broadleaved, evergreen, Forest Yes

closed to open (>1%)

60, 61, 62 Tree cover, broadleaved, deciduous,

closed to open (>1%)

100 Mosaic tree and shrub (>58)/ Mosaic of

herbaceous cover (<5b) Natural Land

110 Mosaic herbaceous covér50%)/ tree

and shrub (<506)

120, 121, 122 Shrubland Shrubland

130 Grassland Grassland

150, 151, 152, 153| Sparse vegetation (tree, shrub, Rest

herbaceous cover) (<1%)

160 Tree cover, flooded, fresh or brakish Forest

water

170 Treecover, flooded, saline water

180 Shrub or herbaceous cover, flooded, Shrubland

fresh/saline/brakish water

190 Urban areas Rest

200, 201, 202 Bare areas

210 Water bodies
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4.2.2 Data @oices

| tested the sensitivity of results to alternative data sources with lower spatial resolution (carbon
storage in forest, doubleropping) and highegeemporal resolution (water scarcity indicatofgble

4.3) compared to data used in the base catale4.4). InChapter 3, | selected for all ndarest

land covers (class 1&010) carbon values from Ruesch and Gif@@98)but for forest (classes 50

62 ard 160170) | considered the GEOCARBON dat&saitoro et al., 2021p be more reliable as

it is spatiallyresolved (100x100m)Therefore in this chapter| tested the sensitivity of the LUC
carbonresults to choosing alternative forest carbon valuesrfrRuesch and Gibi2008)that
descrile forest carbon valuespatially differentiating onlyfor four different ecofloristic zones
acrossthe studied producing countries (s@able S3.2). Similarly, inChapter 3, | considered the
national and more recent data for doubtgoppingto be more robust compared to an alternative
dataset published by Waha et §2020) Waha et al(2020)is based on field data from the year
2000 at a resolution of 50 aminute (56 km at the equator). Thereforén this chapter, | tested

the sensitivity of using the Waha et §2020) dataset to account for doubleropping in the
allocation of LUG@mpacts to crops (see Eq. 1). For water scartithose in Chapter &he CFs
aggregated for agriculture to one ye@oulay et al., 2018jue to a lack of information about the
most likely month of irrigation. However, as water scarcity footprints sthaiéally be assessed on

a temporallyexplicit basig(ISO 14046, 2014) tested the sensitivityof my results to monthly
SEGNBYS& RdzNAy3a GKS INRogAy3ad aSlazy 2F &az2eéoSlt
water scarcity characterisation factor ddeped by Boulay et §2018) | used the monthly water

scarcity CF available for each watershed.

Table 4.3. Alternative data useqused in the sensitivity analyses)

Parameter Spatial Temporal | Geographic | Empirical | Source
name resolution | resolution | coverage data from
Carbon storage | Ecofloristic | NA Global 2000 Reusch and Gibb
zone (2008)
Water scarcity] Watershed | Month Global 2010 Boulay et al(2018)
CF
Doublecropping| 30 arc | NA Global 2000 Wada et al(2020)
minute (1998 based on data fromn
2002) Monfreda et al.
(2008)
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Table4.4. Data used in base case

Sensitivity Analyses

Parameter Spatial Temporal | Geographic | Empirical | Source

name resolution resolution | coverage data from

Forest AG(Q 100x100 m | NA Global GEOCARBON

(Aboveground (Santoro et al.]

Carbon) 2021)

Water scarcity] Watershed | Year Global 2000 Boulay et al(2018)

CF

Double Municipality | Year Country 2017 IBGH2018) INBIO

cropping (2017) Ministry of
Agriculture
Argentina(2017)

4.2.3 Uncertainty in the Inventory and LCIA model

| studied the uncertainty due t@ssumptions ortillage practices by including different crop
management factors affecting water erosion and ultimately soil productivity loss (Sonderegger et
al.,2020. Alternative crop management factors were taken from an empirical study conducted in
Brazil for a soyganwheat crop rotation ¢eeTable4.5) by daSilva et al. (2020).

However, for soil productivity loss, there was also uncertainty related to thelemevhich
Sonderegger et al2020)used to translate soil erosion to productivity loss which was originally
developed by Den Biggelaar et @003) Therefore, | also tested the sensitivity of soil productivity
f2aa 2 0GKS Y2RStQBROGL2MND ¥BUBNI YR FHBAKRFY O F
minimum (0.015) and maximum (0.043) compared to the median (0.029) mention&xkrn

Biggelaar et a[2003)

Table4.5. Overview of crop management factors (sourbe: Silva et a(2020)

Tillagepractice Cropmanagement factor

Conventional Tillage (Base cag 0.1576
Reduced Tillage 0.0407
No-tillage 0.0407

105



Chapter 4 Sensitivity Analyses

4.3 Results

4.3.1 Methodological choices

4.3.1.1Amortisation period dand use change

Regardless of thamortisationperiod chosen in thignalysis, the largest amount of siwduced
transformation of natural land (i.e. classes 50 to 210, &ade4.2) isfound in the Brazilian Amazon
followed by the Paraguayan Mata Atlantiagure 4.). However, relative differences between the
Amazon and the Paraguayan Mata Atlantica decrease with shorter amortisation pemedsnae

of soy from the Amazon has for an amortisation period of 20 years aroufd ®dre embedded
land transformation than th Mata Atlantica (98 vs 51 %h soy-eq, Figure 4.1.1afor 10 years
amortisation around 126 more (88 vs 7@?/t soy-eq, Figure 4.1.1band for 5 years amortisation

7 % more (161 vs 1492/t soy-eq, Figure 4.1.1c)Also, the relative difference between thenazon

and the biome with the least land transformation decreases with shorter amortisation periods: one
tonne of soy from the Amazon has, for an amortisation period of 20 yaaee than eight times
more land transformation than the Espinal (98 vsn#lt soy-eq; Table S3.3), for 10 years
amortisation more than five times (88 vs a6/t soy-eq) and for 5 years amortisation also more
than five times(161 vs 29n?/t soy-eq). However, across most biomes, less forest land cover is
converted to soy over the three amortisation perio@i&gure 4.1.1)Considering LUC over g&ar

time period compared to a 2@ear time period, the share of converted foredcreases in the
Amazon from 886 to 43% and in the Chaco Se8panish: Dry Chacipm 80% to 12%, but
slightly increases in the Paraguayan Mata Atlanficen 25% to 33%. In contrast, over the same
time-period the share of converted shrubland increases froth & 50% in the Amazon and from
17% to 76% in the Chaco Seco. However, the share of converted grassland does not differ much
across the differenamortisation periods with for example in the Brazilian Pampa being 80r

the 20year time period and 8% for the 5year time period.
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Considering_-UCemissions, foresbiomes (i.e. Amazonia, Mata Atlantica, Chaco Seco and Chaco
Humedo(Spanish: Dry Chacbave the largest LUC emissions considering-ge2® amortisation

period (Figure 4.1.2 With a 20yearamortisation period.UC emissions from the Amazon are the
largest with 3.54 t C£eq./t soy-eq., followed by the Paraguayan Mata Atlantica (1.03 &'t
soyeq.) and the Chaco Seco (0.82 -€Q./t soy-eq.). However considering afyear amortisation
period, some nofforest biomes (e.g., Brazilian Pampa) have LUC emissions close to the dry forest
Chaco Secalhile the two highest emissions are slillked to the Amazon (4.46 t G@q./t soy

eq.) and the Paraguayan Mata Atlantica (2.89),-favest biomes also have considerable emissions
with the Brazilian Pampa (2.14 t £€¥./t soy-eq.) and the Cerrado (1.29 t &€x./t soy-eq.) being
comparable tothe Argentinian Chaco Seco (1.64 t.@Q./t soyeq.). Considering a-fear
amortisation time, the Brazilian Pampa has twice as much land converted per tonney of so
(167 m?/t soy-eq.) compared to the Chaco Se@® (h?/t soy-eq.). However, another reasoarfthe

low LUCemissions in the Chaco Seco compared to the Amazon, is that forests in the Chaco Seco
only store around a third of the aboveground carbon compared toAtmazon Table $8.1). While

the Pampa does not have a lot of carbon stored in aboveground biomass, most of the carbon
emissions of the conversion of the Pampa are due to the soil carbon stocks which are not

competely lost after conversion to sdiesteves et al., 2016)

4.3.1.2Including land transformation in biodiversity impact

Including transformation impacts addition to occupation impactsvithin biodiversity impact
assessmentmakes the relative differences betwr biomes more pronounceffFigure4.2c). For
example, while occupation impacts for one tonne of soy from the Paraguayan Mata Atlantica are
more than sk times larger than from the Argentinian Espi@aV vs 0.8& 10t soy-eq.), including
transformation impacts lead to 15 times larger biodiversity impacts for the Paraguayan Mata
Atlantica compared to the Espinal (1.69 vs 2%&9%t soy-eq.). Bomes with high transformation
areas Table4.1b) haveespecially large total biodiversity impactsamely: Amazon (10.420%t
soy-eq.), Chaco Sect.5x 10'% soy-eq.) andParaguayamMata Atlantica (25.9 0%t soy-eq.).
Including transformation impactfangeareain Figure4.2c) in addition to occupation impacts
(green inFigure4.2c) increasedotal biodiversitydamageby between 18.1% for the Paraguayan
Mata Atlantica and 77.26 for theChaco Secdncluding transformation impactdsoleads to the
Pampa in Brazil having a highetal biodiversitydamage(5.7 x 13%t soy-eq.) than the Brazilian
Cerrado (3.1 x 18/t soy-eq.). Thishigher transformation impact is mostly due to the higher
transfaomed areafor the Pampa(43 m?/t soy-eq.) compared to the Cerrado (28%t soy-eq).

Despite the Paraguayan Mata Atlantica and the Chaco Seco having similar land occupation areas
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(Figure 4.2a) and land transformation areas-igure 4.2b), their biodiversity damage is quite
different as the CF for occapion is more than four times higher and the CF for transformation
more than 15 times higher for the Mata Atlantica compared to the Chaco Seco (sed @feirs
2.3).

Excluding Grassiand

B Base case

BR-AMAZONIA +

BR-PAMPA 1

BR-CERRADO

BR-MATA ATLANTICA -

AR-CHACO SECO 1

]

AR-CHACO HUMEDO +

AR-ESPINAL

Contribution

Land Cover

Other
Grassland

Occupation.impact
Transformation.Impact|

AR-PAMPA +

PY-MATA ATLANTICA

)

300 600 900 F3 50 3 100 0 10 20 [ 10 20
Land occupation area (mzy per soy-eq) Land transformation area (mzy per soy-eq) Total Biodiversity Impact (10"°PDF per t soy-eq)
a) b) )

)

Figure4.2. Life cycle inventorgf land occupatiora) and total potential biodiversity damadpg for

1 tonne of soybean produced in 2013ensitivity of results to the exclusion of grassland cover to
land transformation and resulting biodiversity damage. Country names were abbreviated with
BR=Brazil, AR = Argentina, PY = Paraguay. Biomes are ordered within each country by decreasin
land conversion area over 20 years allocation.
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4.3.1.3Land cover classes

INOt dzZRAY 3 GKS I yR 02 @ SchdsB®ahd3)inwadifioa {o ati@r lahd coverd N
types (50210) increases the land transformatioffigure S3.1.1) and resulting carbon emissions
(Hgure S3.1.2) especially for the fyear amortisation periodConsidering a year amortisation
LISNA2RX AyOfdzZRAYy3a GKS tFyR O2@SNJ GeLIS wYyz2al A
biomes such as the Brazilian Amazon (161 vs 389%soy-eq), Paraguayan Mata Atlantica (149 vs
300m?/t soy-eq) and the Argentinian Chaco Seco (79 vsm&bsoy-eq). In contrast, considering

a 20year amortisation period increases the land transformation only byel® the Brazilian
Amazon (98 vs 1202/t soy-eq), 40% in the Paraguayan Mata Atlantica (51 ver88 soy-eq) and

15% in the Argentinian Chaco Seco (55 vsré4 soy-eq). This increase in land transformation
when including mosaic of agriculture leads to an increase irebi€sionseing up to 496 higher

for the case of the BrazilidWata Atlantica.The land cover mosaic of agriculture is common at the

edges of the Amazon (see mapFigure3.2).

Another ESACCIland cover class which causes some uncertainty in its applic&ticassess
biodiversity impacts is grassland (class 130) as it does not differentiate between natural grassland
and pasturgTable4.2). However in comparison to pasture, converting natural grassland will lead

to larger biodiversity impacts. This would make a particular difference for natural grasslactus

as the Brazilian Pampa where | found%®f the transformed areao previously begrassland
(Figure 4.1.1b)Therefore, if grassland would be excluded from the transformation area, the total
biodiversity damage potential would be reduced by abou®@dr the Pampd1.4x 10'%t soy-eq)

and then bealmost half of the impact of the Cerradwith 2.9x 10'%t soy-eq; Table4.2c).

4.3.2 Data choices

4.3.2.1Aovegrounddrest carborand doublecropping

Using the alternative data source for forest carbon more than doublE&emissions in some states
compared to using the dataset for forest carbon from thase case Figure4.3). Usingthe
alternative global forest carbon data increaseldCemissions the most in the Argentinian Chaco,
such as in the states of Santiago del Estero @2p&haco (1526) andSalta (14®%), in Paraguay
the states of Caazapa (16@), Caaguazu (164) and Canindeyu (145) and in Brazil mostly states
in the Mata Alantica such as Parana (106, Santa Catarina (194) and Sau Paulo (18d) but also

Piaui in the Cerrado (8&). In contrast, effects of including the alternative doutilepping dataset
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are less pronouncethan including the alternative carbon datasétsing the alternative global
doublecropping dataset instead of the national douldepping dataset increasédJCemissions

most strongly for states in Argentina, such as Buenos Aire%jd4%anta Fe (48) and Chaco ().
Outside of Argentinaincludng the global double cropping dataset increak&Cemissions most
stronglyin statedocated in the Cerradoegion of BrazilMinas Gerais (1%0), Maranhao (120) and
Tocantins (10%6). A reason for the strong increase of LUC emissions for Argentingbeahiat the

global dataset was based on data from 2000 whereas the national Argentinian data were from 2017
and that in Argentina doubleropping increased most since 2000 compared to Brazil and Paraguay
(IBGE, 2018; Ministry of Agriculture, 2017; INBITL7)

An alternative doublesropping dataset and including the land cover type mosaic of agriculture in
the land transformation flows has less influence on théCemissions than including alternative
carbon data or shorter amortisatigreriods(Figure4.3). Theeffect of a Byear amortisation period

is most influential for states with relatively low absollitgdGemissions such as Mato Grosso do Sul
(288%) and Rio Grande do Sul (282 in Brazil and Buenos Aires in Argentina (@y3However,
even with those increases, none of these states reaches results of more thalCQeq./t soy

eg. ThelargestabsoluteLUGemissions using ayear amortisatbn period, are found in the Brazilian
Amazon state of Para (5t8CQ-eq./t soy-eq; 55% higher than results with 2fear amortisation)
and Rondoénia (3.5 CQ-eq./t soyeq, +39%) followed by the Brazilian MaToPiBa states with
Tocantins (4.81 CQ-eq./t soy-eq; +202%), Piaui (4.5 CQ-eq./t soyeq; +116%) and Maranhao
(3.5t CQ-eq./t soyeq; +110%).The strongest relative increase of including the land cover type
mosaic of agriculturés found for the states Santa CatariimaBrazil (326), Alto Pana (28%) in

Paraguay and Mato Grosso in Brazil ¥2)7
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Figure4.3. Sensitivity of soynducedland use changemissions to methodological choices and
global data sources instead of national datampaed to the base case.¢. 20-year amortisation
(19962016); national doubleropping data and spatialgxplicit carbon dataset), as €fer soy

eq. (t tY). Country names were abbreviated with BR = Brazil, AR = Argentina, PY = Paraguay. State
are orderal by decreasing deforestation area embodied in produced soybeans with states having
most embedded deforestation area at the top and those with least deforestation area at the
bottom right left of the graph (aggregated from municipaliéyel results by weihting with the
commodity mix)
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4.3.2.2Water scarcity: temporal variability

Water scarcity footprints of some states are quite sensitive to the monthly variability in
characterization factorsFigure4.4). Using maximum monthly values for the growing season of
soybeans (November to June), doubles the water scarcity footprints for some statestin
eastern and northwestern Brazil, namely Bahia (+1%), Rondb6nia (+10%) and Minas Gerais
(+101%) compared to water scarcity footprints estimated with yearly mean CFs. However, of these
three states a high absolute water scarcity is calculately for Bahia (370 Aftonne soy eq.),
whereas yearly mean water scarcity footprints for Rondonia (184orme soy-eq.) and Minas
Gerais (187 rftonne soy eq.) are lower. Even the water footprint estimated with monthly
maximum values for Rondéniais lowét y | N2 dzy R KIFt F 2F GKS adl i
footprint. In contrast, states which have water scarcity footprints sensitive to monthly minimum
values are mainly in the north east of Brazil such as P&s24), Maranhao-{4 %), Piaui-{3 %)

and Tocantins-{2%). However, of these states only one state has high yearly mean water scarcity,
namely Piaui (1030 #onne soy eq.) whereas the other states have medium yearly mean water
scarcities values ranging between 163tonne soyeq. (Para) tdl87 n¥/tonne soy (Tocantins).
However, there are also states where using monthly minimum and maximum values affects the
water scarcity footprint minimally. For example, states in southern Brazil such as Sao P&6)(8

and Parana (42 %), northern Argetina such as Chaco (12 %) and Salta (249 %) and south

east of Paraguay such as Alto Paranaq86) and Itapla (327 %). This observed lack of variability
within the growing season is likely due to the different climate in those statéwreaghe north-

east of Brazil is known to be semiarid as it is in a rain shadow rag®isouth of Brazil, east of
Paraguay and north of Argentina are in less warm climates and experience less seasonality in

precipitation(Carrdo, Naumann and Barbosa, 2016)
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Figure4.4. Water scarcity footprint for one tonne of soybean produced in different states in 2017.
Error bars illustrate the monthly minimum and maximum water scarcity within the soybean growing
season (Novembelune). Country names were abbreviated with BR = Brazil, AR = Argentina, PY =
Paraguay. States are ordered by decreasing land conversion area over 20 years allocation excludin
Mosaic of agriculture land cover type.

4.3.3 Uncertainty irthe Inventory and LCIA

Soil productivity losgs more strongly influenced by the geographic location of the soy production
airdsS GKFy GKS FIENXYSNRa GAfEF3IS LINF OGAOSa 2N
of the minimum value fosoil prodictivity loss from water erosion reduces productivity loss only

by around 4846 Figured.5). Thoughalternative tillage practices such as reduceddildowered soil
productivity loss by 7% and netillage even by 7% (percentage reduction is the same for each
state as the alternative parameters for tillage and maximum and minimum model values are not
spatiallyexplicit) However, in the case of th@sthern Brazilian state of Santa Catarina, even using
minimum soil erosion values for fidlage and minimum model values for soil productivity loss (i.e.
best case) leads to a soil productivity loss of%.®ver the coming 5@ears Figure S3.2) being

higher than the maximum value for seven other states estimated by assuming regular tillage
practices and maximum soil productivity loss model values (i.e. worst case). These states showing
low soil productivity loss are all located in Argentina elcéerised by relatively low precipitation

leading to less intense water erosion. Assuming conventional tillage and maximum soil production
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loss (i.e. worst case), soil productivity loss is estimated to be low for the high soy producing states
such as Sant&e (0.770), Buenos Aires (0.95), and Cordoba (1.856). It is worth noting that two

of the three states currently producing the largest amounts of soybeans (i.e. more than 15 million
tonnes of soy in 2017) across the three producing countries, are iexpéng comparatively high
levels of soil productivity loss, namely Rio Grande do SuPg5® 14.4%) and Parana (344to
14.4%) in Brazil (range depending on the tillage practice). Compared to these two high soy
producing states, only Santa CatarinaBirazil experiences higher soil productivity loss £6.%0
26.7%).
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Figure4.5. Soil productivity loss due to water erosion depending on tillage practice for one tonne
of soybean produced in 201Touriry names were abbreviated with BR = Brazil, AR = Argentina,
PY = Paraguay. States are ordered within each country by decreasing land conversion area over 2
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years allocation excluding Mosaic of agriculture land cover type.
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4.3.4 Comparisorof LUCGmissiorestimatesto other similar studies

LCA estimates dfUCcarbon footprints can differ considerably depending on the empldged

cover dataseto estimate LUC anthcludednatural vegetation types to calculate carbon stock
changes in theonversion to cropland-or examplein Escobar et a(2020)for soyinducedLUC
emissions for Mato Grosso the median value across municipalities i$ CQzq./t soy-eqwhich

is much smaller than the median value of 2.8Q-eq./t soyeq estimated inthis chapter Figure

4.6, variability in each state iRigure 3.3). The latter was based on including allural vegetation
types in the conversionsing the ESECK2017)land cover daset, whereag&scobar et al2020)

only included emissions frofforest conversiorusing the Brazilian PRODES dataset. While this
chapter had a wider geographic scope covering all major soy producing countries in Latin America,
this required the use of a land cover dataset such as ESA CCI with coarser spatial resolution and nc
differentiating between natural forest loss (e.qg. fire, logging) and forest conversion to cropland like
PRODE@\umata et al., 2011)However differences in LUC carbon footprint estimates between
this chapter and Escobar et 20200 a T2 NJ (i KS aréles®prohouricedfoiSiBtaree/

the average value for LUC emissions estimated in this chapialyislightly higher than Escobar et

al. (202004 T2 NJ t A I Q2req.lb Soyeq), Maranhan 82 vs 1.2 t 6./t soyeq) and
Bahia (1.0 vs 1.0 t@z-eq./t soyeq). The differences in LU&nissionestimates in this study
compared to Escobar et §2020)are likely mostly due to differences in forest land cover detection
between PRODES and ESA CCI. Using ESA CCI detects 15 times more foresh donsengio
compared to using PRODES in the Amazon (24.64 0.7686 of harvested soybean area) using the
same soybean raster from Song et @021)and a fiveyear LUCamortisationperiod (PRODES
estimates based on own calculatiobased onlrasedata). In contrast, in the Cerrado the share of
soyinducedforest conversionwas much more similar between ESA CCl and PRODESo(2s52
2.46% of harvested soybean area). Neverthelessredes of forest loss in Latin America with ESA
CCI are comparable to those estimated with the Hansen. 2@l 3)datasetaccording toLi et al.
(2018)which also does not differentiate between natural forest loss and anthropogenic forest loss
(Harris ¢ al., 2021)
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Figure4.6. Greenhouse gas emissions from LUC of Brazilian soy at the level of states and country in
related studies using a Life Cycle Assessment appi@aletpted from Escobar et al. 202@) and

results compared from this chapter using a fixear amortisation period (b). Asterisks indicate
states in which no or only partial LUC emissions were quantified in Escoba(224l)because

the PRODES land cover map only covers the Amazon and the Cerrado but not the southern states
of Brazil. Note the different-axes.

4.3.5 Application to thesupplychain of the EU

4.3.5.1Land use change emissions

When applying some of the results of teensitivity analysis to the EU supply chain, by using Trase
supply chain mapping dataktS 9! Qa [ !/ OIFINb2y F220LINRayld ¢
amortisation period, including mosaic of agriculture in the land conversion as well as using a non
spatialy-explicit forest carbon dataséFigure4.7)./ 2 YLJ NBR (G2 (GKS Wéeaa S O
amortisation periodalmost doubled LUC carbon footprif®.73 vs.1.38 t CQ@eq./t soyeq.)
whereasselecting a5 yearamortisation periodand additionallyincluding the land cover type
mosaic of agriculturén the land transformationrmore than tripled the LUC carbon footprint (0.73

vs 2.47t CQ-eq./t soyeq.). Additionally,using the norspatiallyexplicit forest carbordata also

almost doubled the LUC carbon footproampared to the base ca$@.73 vs1.31 t CQeq./t SOy

eq.).
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Taking different methodological choices and choosing alternative idathe estimation of soy
inducedLUCemissions, leads ttess geographically concentratathtes contributing to the EQJa
LUC carbon footprint compared &stimatesin the base casdFigure $3.4). While Mato Grosso
producd1%5: 2F G(GKS 9! Q& FKiyurs2a) &kl codtrdbatesl 80-%y/ch theoLUC
emissionsin the base case, this was reduced to%8&or an amortisation period of five years.
Considering LU@missions with afyear amortisation period13 statesare responsibldor 80 % of
the impact, whereas in the base case odly states are responsible fo80% of the impact.
However among these states the share they contribute to thesé&8QU@missiongs influenced
by the amortisation period. lthe base case the second largest contributing siatara in the
Amazon (&6 of LU@mission$ and the third largest Bahia in the Cerradd/4{tf LU@mission3.

In contrast with a Byear amortisation the second largest Rio Grande do Sul ¥8 of LUC
emission¥ and the third largest Parana @@ of LU@mission$which are both in the Mata Atlantica
biome. Itisalso worth noting that the LUC emissions of Paragwéti a 5year amortisation period,
arel?:> 2 F ( K SsoplluQ amissi@igdrh these three producing countries, whereas this

share was only 1%in the base case.

However differences in results are more pronouncatthe municipalityscale compared tohe

state scale(Figure S$3.4). For an amortisation period of 20 years (base case) only around half as
many municipalities contribute to 6% of the LU@missiongompared to calculating impacts with

a 5yea amortisation period (24 vs 39 municipalities in 2017). While usingye20amortisation

period most of theseare located in the Brazilian Amazon (except two municipalities in the
MaToPiBa regiwm), considering a -year amortisation period alstighlighs municipalities in
Argentina (i.e. La Paz, Villaguay and Moreno) and more in the MaToPiBa region (i.e. Balsas ir
Maranhao, Santa Filomena in Piaui and Formosa do Rio Preto in Bahia) and Paragitg (

Parana) are being identified as contributing teet80% of LU@missions
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Figure4.7. Comparison of seinducedLUGCemissions for the EU depending on different sensitivity
choices.Each bar illustrates the proportion of the totalUCemissions related to soybean
production of each state within the three producing countries Brazil (BR), Argentina (AR) and
Paraguay (PY).

4.3.5.2Biodiversity impacts

Including impacts from land use chan@ensformation impactjn addition to impacts from land

dzAS 0200dzLd GA2Y AYLI OGO Ay GOR6Ecréase@B.5\vsR0.2 A &S N
PDFFigure4.8) comparedo the base caseHowever, this was increased only by%1(14.7 vs 9.7

10 PDF) if conversion of the grassland land cover was excluded from the transformed area.
Considering the relative contribution to the total impacts, the three states contributing most to the
biodiversity impact remained the same: Parana, Mato Grosso an@iRiotde do Sul which are all

in Brazil. However, the relative contribution changed: while Mato Grosso contributed@@3he

occupation impact, this state contributed only 18#to thetotal biodiversityimpact Figure 3.5).
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Figure4.8. Comparison o®ccupation impactbase case) and sensitivity to including transformation
impacts in TotaBiodiversity Impact for the EU as well as excluding grassland within amount of
transformed area per tonne soy.

4.4 Discussion

LCA is a decisiesupport tool identifying key impacts along the entire value chain of products and
therefore improvement strategie§Hellweg and Mild Canals, 2014 However, there is a large

B NRFOoATAGE FYR dzyOSNIFAyde Ay LINRRdzOGQa | 31
from land use chang¢Poore and Nemecek, 2018Yncertainty in land use change emissions
embeddal in agricultural commodities is due to the often unknown origin of producticam et

al., 2021) hindering accounting for the spatial variability in land use change emigétsnsbar et

al., 2020) but also due to different modelling and data choidgarofalo et al., 2022)This
uncertainty hinders providing simple sciedgsased guidance about which life cycle stages or
geographies are hotspots of environmental impagiiso et al., 2020While spatial heterogeneity

is considered a crucial source ofgluncertainty(Patouillard et al., 2018jt is not well understood

how this compares relatively to other sources of uncertainty such as methodological choices, data
sources or assumptions on farming practices. Considering the urgent need for reliable LCA
estimates to guide the transition towards a sustainable food system, more knowledge is needed
about the underlying reasons for the large variability and uncertainty in the impact assessment of
agricultural productsTo my knowledge this is the first stuttying to quantify the influence of
differentl 3 LISOG & O2y GNAROdziAYy 3 G2 GKS dzy OSNIF Ay (e

and land use as well as land use chaagess multiple producing countrigmmparing spatial
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heterogeneity, methodologal and data choices but also assumptions on farming practices. | found
in this chapter that impacts of land use and land use change can be more sensitive to
methodological choices and assumptions on farming practices than the differences that arise due

to the spatial location of the land use.

However the importanceof these factorsdepends on the geographic location of the producing
region and the studied impact categorhe choice of the amortisation period (methodological
choice) and an alternative fest carbon source (data choice) influedcthe LUCemissions
strongest which was most pronounced in the Brazilian Amazon. In congastuding grassland
from the amount of transformed area (methodological choice) and including transformation
impacts wa most influential foiodiversityimpacts particularly in the Brazilian Pampa biome
Assumptions onrsoil tillage practices (uncertainty in inventory data) were most affecting soil

productivity loss strongest influenced in southern Brazil

In thefollowingsection | first compare my findings to those of other existing studies. In addition, |
will discuss methodological choices such as the land use change amortisation period, the
quantification of the amount of transformed area and the representtiess of different data
sources varying in spatial and temporal detail. Finally, | will reflect on the implications of these

findings for policy and future research.

4.4.1 Methodological choices

4.4.1.1Amortisation period

Besides the variability due to differelsindcover mapsLUG@missionof South American soybeans

are highly sensitive to methodological choices such as the amortisation pehioshorter
amortisation period highlights regions with more recent expansion. For exampising a Syear
amortisation geriod (i.e. using land cover maps of 2011) compared to-we20 amortisation period

(i.e. using land cover maps of 1996) resulted in a stronger increase of thentisKlondor states

in Paraguay and the MaToPiBa region in Biamihpared to states in # Brazilian Amazon or
Argentinian Chacd/hereas LUC emissions quadrupled in Piaui, tripled in Tocantins and doubled
in Maranhao, states in the Brazilian Amazon (e.g. Para, Rondbdnia, Mato Grosso) and Argentinian
Chaco (e.g. Salta) only saw relative incesdsetween 30 and 5%. In Paraguay many states tripled

their LUC emissions with ay®ar amortisation period compared to a-2@ar amortisation period
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(e.g. Caazapa, Caaguazu, Alto Parana). The regional differences in the sensitivity to the amortisatiol
period are likelybecausehe Soy Moratorium was introduced in 2008 in the Amazon which then
displaced_UCto the neighbouring Cerrad(@ibbs et al., 20155imilar policies were introduced in
Argentina with the Federal Forest law and in ParaguéyS W&BARB A G GA2Y 1 6Q
with varying regional effectiveness due to a lack of enforceng®otte et al., 2017)The 20year

time period is a more conservative approach to alloddt&emissions and follows the PAS2060
methodology (BSI PAS, 2012and the EU Renewable Energy DirectiiJ, 2009) Longer
amortisation periodalso include land transitions to intermediate land uses such as pastures before
being ultimately converted to soybeans. Within Latin America it is often the case that natuaal |

is first converted to pasturebefore ultimately several years latebeing converted to more
profitable croplandCarvalho et al., 2019Having longer timeframes to allocdt&/Cincorporates
transition of grassland to soybeans which was a critiqu#hoft timeframes(Brandao et al., 2021)
Howeverthe choice ofamorr 6 A2y LISNA 2R A& KAIKfe& RSoO6FGSR |
(e.g Brandao et al., 20215chmidt et al.2015 Persson, Henders and Cederberg, 2014

4.4.1.2L.and coveclasses

To analyse land use change, there are also a range of different land cover datasets available
differing in geographic coverage, spatial resolution, land cover classifications and temporal periods
covered. | chose in this chapter the ESA (2@ 7)dataset to consistently cover (over more than

two decades) the thretargestsoy producing countries in South Ameriebwever, estimated LUC
emissions herdiffered for the Brazilian Amazon compared to values reported in Escobar et al.
(2020)who used naibnal PRODES land cover maps. Global land cover datasets have a higher error
in differentiating land cover classes than national datagP&rezHoyos et al., 2017)There are
several reasons for the lower accuracy of global land cover datasets companatibioal datasets

the first being that global land cover datasets have a lower spatial resolution than national land
cover maps with ESA CCI being 8800 m while PRODES hasx3D m resolution(Nunes et al.,

2019) Secondly, national datasets (sudhlae Brazilian MapBiomas) often include more land cover
classes than global datasets, for example differentiating between primary and secondary forest,
grassland and pasture and savannah and fof@etiza et al., 2020T herefore national land cover

datad SGa NBFAYSR (G2 GKS ylridAz2ylt O2ydSEG FfAdy
be more suitable for studies aiming to inform national policies such as the Brazilian Forest Code
which only aims to reduce primary forest loss (e&gterrai et al., 2018 However, these fine
resolution land cover datasets are limited in their geographical coverage to a few biomes or

countries and in their temporal coverage often hindering tisegies analyses or monitoring of
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annual land cover chang#langn et al., 2008) Therefore to support global policies aiming to
reduce land use change, reliable land cover datasets are needed dZiotlkt al., 2022)Satellite
remote sensing is developing rapidly improving the spatial resolution and differiemti@to
vegetation typegBuchhorn et al., 2020However, for users of these global land cover maps, it is a
challenge to identify how reliable these land cover datasets are for different geographic regions

and purposes and how they might differ to natad land cover datasets.

4.4.2 Data choices

A challenge in the application of methods to quantify impacts of water and land use (change) more
broadly, is that data are not available in all parts of the world and for all vegetation types with the
same detail. Wiile a lot of research exists on forests and Brazilian land use change emissions, less
Ad (y2e6y | o2dzi 204KSNJ @gS3Sdil A2y GeLlSa yR LN
reducing deforestation and their high share of soy imports from Argantand Paraguay,
differences in the quality of the data between producing countries used to support land use change
policies, could lead to subptimal outcomes. For example, using carbon density datasets
underestimating carbon storage in Argentinian doyelsts (Baumann et al., 201#pight lead to

policy prioritizing protection of Brazilian tropical moist forests at the detriment of forest conversion

in Argentina. For example, the GEOCARBON dat8setoro et al., 2021)sed in this chapter
estimated thatthe average forest in Argentina has less thar¥40f the biomass compared to the
reported average value for Argentina in the global FAO Forest Resources Assessment, whereas fo
Brazil this difference was less than %qFAO FRA, 2010\ possible reasofor the differences
between biomass density estimates conducted in late 2010s reported in Santoro et al. (2020)
compared to those based on estimates in the 20p0blished in FAO FRA (2010), could be the
increasing fragmentation of forests in the last twenty ye@ontibeller et al., 2020; Frate et al.,
2015) While spatiallyexplicit biomass or carbon data are available for forests, these are missing
for other n&ural vegetation classes such as shrubland which | found in this chapter to account for
the majority of converted land cover in the Chaco (choosingyaas amortisation). However, it is
challenging to know, in regions and for vegetation types lackinglddtdata, to what extent the

impacts of land use and land use change are-aveunderestimated.
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4.4.3 Implications for policgnd practice

4.4.3.1Challenges and opportunities of sensitivity of resultssiasidnrmaking

LCA is used by companies and public seattsrs to understand the impact of land and water use

in their agricultural supply chains. Incorporating data tracing the spatial origin of agricultural land
use into LCA, helps understang of the current locationdependent impacts of commodities
(Kulaket al., 2018) This knowledge can inform supply chain sourcing, product design and farming
practices. The spatialgxplicit LU@missiondootprints of soybean production allow supply chain
actors and policymakers to identify geographic hotspots to imeréandscape planning and
sourcing decisiond.am et al., 2021)Vithin product desigfor example the choice of ingredients
Oy KStL)I G2 YAGAIIGS 3INBSYyK2dzaS 3AL A SYA&EAA
depending on the sourcingegionand assoiated land use change (sé&o et al., 2020 As LUC
Syraairzya OFly o06S GKS fFNBSad O2y dNAOdzi2NI
uncertainty of LU@missionsis crucial for a robust estimation @farbonemissions of different
alternative hgredientswithin aLINE R dzO (i @ido et\Nl§ 20RQ)Bile the increasing amount of
spatialdetail improves the accuracy of water and land use impacts, understanding the uncertainty
inherent in these novel data can be challeng{ifglak et al., 2018 However given the large
contribution of land use change to the GHG emissions of agricultural commofiiese and
Nemecek, 2018pand commitments of corporations and governments to reduce deforestation
(Lambin et al., 2018pbust estimates to monitor @gress and evidence benefits of deforestation
commitments are cruciakor example here, using the spatiadlyplicit forest carbon dataset more
GKFy KFIft @SR GKS [/ SYraarzya FTNRBY GKS 9! Qa
to Paraguayan rad Argentinianstates Figure4.6). Therefore whilst footprinting methods are
useful to identify current hotspots, researchers need to be careful in the communication of findings
about their research objectives and make clearer what the implications of their choices are on the
results and which decisions they are themef most suitable to inform. Given that the choice of
data and methods can have fundamental impacts on the conclusions, it would be advisable for LCA
practitioners to clearly communicate the fact thator example in this studg shorter amortisation
periods will highlight regions linked to higher recent deforestation and that choosing land cover
data with supranational coverage likely increases the uncertainty of results compared to national
data. At present it remains a challenge for decisioakers tonavigate and interpret this complex

information.
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Out of a realization that voluntary actions of few private actors was not enough to reduce
deforestation rates meaningfully at scale, consuming country governments have realized the need
to introduce a lawbanning companies from importing commodities produced on recently
deforested landEC, 2020e)Ambitious policy currently developed in this contéx¢ludesii KS 9! Q:
Proposal for a regulation on deforestatidiree products that would excludie import ofproducts

such as soy, beef, palm oil and wqmdduced on recentlgeforested landEC 2021b) A challenge

to support with available data is that in th@ | Qa LINMBRBEIFANBAGI GA2Y Q A2
conversion of forests to agricultural production tleéore excluding natural loss (e.g. fires) or
conversion to plantation forest. However, neither the Hansen g2fl13)dataset nor the ESA CCI
maps, two global datasets, differentiate between natural and anthropogenic forest loss. This study
showed the effect these different definitions can have in the identification of geographic hotspots

of soyinduced forest loss. As ESA CCI identifies any forest loss, it overestimated especially in the
Amazon soynduced forest loss compared to values reported with PES (se&scobar et al.,

2020 which only identifies primary forest conversion to cropland. However, natigpetific land

cover datasets such as PRODES which is only available for the Brazilian Amazon and the Cerrac
(Souza et al., 202@re limited in heir ability to be used to monitaa regulation on deforestation

free productswhich is global in scopEC 2021b).As this chapteshowed that for EU imports
almost as much soy is from Argentina and Paraguay together than from Brazil, agreement is needed
about for which purposes national and for which purposes global land cover maps should be used.
Therefore to implement and monitor complianct trade agreements and initiatives (e.g., EU
proposalfor a regulation on deforestatiofree products EU Merceur, REDD+ (Reducing Emissions
from Deforestation and forest Degradationf,2 NB | f Ay YSyYy (i Ay RSTFAYAC
WRSF2NBall A2y Q | yorestardzudelBoMimApg &re neddédhia \Boilld alsa F

facilitate comparison between different studies.

While efforts to protect forests will benefit meeting climate targets, the sole focus on caibbn
ecosystems should nobverlook potential tradeoffs with other sustainability goals sudis
OAZRAQDOSNAAGE f2aad C2NJ SEI YRdip&a foliregidtichSa G |
deforestationfree productss limted to forests (it uses the FAO definition of forests as %lidee
coverage) excluding threatened wetlands, grasslands anbdénds(EU Greens/European Free
Alliance, 2022)Therefore NGOs suggested to include other threatened ecosystems besides forests
(Greenpeace, 2022)However, to monitor compliance of rmnversion of those valuable
ecosystems (e.g. grasslands, savanpaletlands), there is currently a gap of available land cover

datasets. The ES2CImaps used in this study were limited for biodiversity impact assessment by
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their lack of differentiation between natural grassland and pasture. Therefand cover datass
need to be developed which can not only monitor the impact of trade on deforestation but also

loss of other ecosystems

4.4.3.2LUC amortisation period

As LUC emissions are highly sensitive to the length of the amortisation period, more dialogue
between polig-makers and researchers is needed so that pel@kers understand the
consequences of these methodological choices. This would help to find consensus, align methods
and provide guidance to researchers about which amortisation period shmuldsed for which
research objective The British Standard InstitutiofBSI PAS, 2018pecified in 2008 a 2@ear
amortisation period as the standard within LCA which is used sinceBfaugdao et al., 2021; Liao

et al., 2020. Howeverthere is no scientific justifiéaA 2 y F 2 NJ (i Kykai petivt(Mlybrieti NI N
al., 2012) Therefore and given the high sensitivity of results to this amortisation perieetsson

et al. Q014 have argued that the length of the amortisatigeriod should be decided in the
LREAGAOLE O2yGSEdl® |1 26SOSNE | OKI-ETHRY IBF i 3ia G
deforestation depending on biome (e.g. 2008 for Amazon Soy Moratoi@ibhs et al., 2015

states (e.g. 2008 for Salta Argentina;Vallejos et al., 2021 certification standard (e.g. 2005 for

High Carbon Value clearing REPO, 203 0r international trade agreement (e.g. PWoposal for

a regulation on deforestatiofree products 31 December 202EC, 2021 Newig ¢ al. (2020)

have identified the inconsistency in policies as a major challenge to govern global telecoupled
sustainability challenges. Schmidt et @015)argued against short amortisation periods as the
consequence is that LUC is overestimated at tipecaltural frontier whereas indirect LUC on the
existing agricultural land is ignored. Indirect land use change is a land use change in one location
which is caused by land use change in another locatideyfroidt et al., 2018)For example
increases irsoybean demand can increase land prices thereby causing cattle pasture expansion
into the Brazilian Amazon. Thereforienger amortisation periods account for some of these
complex land conversion dynamics in South America wietermediate use as pastas is
common whereaghe actual socieeconomic driver of deforestation is often soybean production

(Le Polain de Waroux et al., 201Blowever estimating indirect land use change is even more
subject to scientific debate than direct L&rsson et ak014). Thereforerather than adopting a
general long amortisation period (such as 20 years) for any producing country and any commodity,
principles could be developed to specify the amortisation period depending on the political context

of traded commaodityproducing country or sector (e.g. food, biofuels, fashion).
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4.4.4 Future researchdata comparison, consenshsilding,amortisation

This chapter has demonstrated that methodological choices and alternative data sources can have
fI NBHS AYLX AOFGA2ya 2y GKS NBIA2ya ARSYIGAFASR
land use change impacts. As this study is restricted toreg®n and commoditynore research is
needed comparing how different methodological and data choices affect the refsultsther
commodities and producing regionEhis will be important athe implications of these results have
wide-ranging consequences for decision making linked to supply chains of globally traded
agricultural products and their sustainabilithdvances in novel spatial data have allowed an
improvement in the reliability and representativity of environmental impa@atouilard et al.,

2018) however selecting the most appropriate data remains a challenge. Recently many global
maps of land cover (e.&SA CCI, 201Zopernicus Global Land Service developed by Buchhorn et
al. 2020, Hansen et al., 2033 carbon density (e.gsantoro et al., 2021; Zarin et al., 20k6d
farming practicegWaha et al., 202Mave been developediowever,understanding is incomplete

as to how the choice of spatial data varying in geographic or temporal coveragesdffect
measuredmpacts of bcationspecific agricultural production and the conclusions for supply chain

environmental impact assessment.

While using data with global coverage benefits comparability between studies, these datasets
might not be representative for every geographantext. For examplein this chapter, | found
forest carbon density using global GEOCARERaNtoro et al., 2021p be comparable for Brazil
however, it was less than half for Argentina compared to values reported in the UN Global Forest
Resourceg2010) Therefore more research is needed on better understanding the differences
between national data and global data across different geographic regions. A promising solution in
this direction might be the platform which Zioti et §2022)developed which ans to improve the
integration and harmonization of different land cover maps for Brazil including both national and
global maps. Howevea more standardized approach might be needed to compare and harmonise
across wider geographic regions to understandvidich purposes regional or national data are
needed and for which global datasets are sufficient. For exarfgri@ational policies such as the
Brazilian Soy Moratorium national land cover products such as Mapbiomas might be more suitable
(Garofalo et &, 2022) In contrast, forpolicies such as the Eproposal for a regulation on
deforestationfree productsglobal datasetsapplicable across tropical producing counwill be
needed. Howevera remaining challenge is understanding how these differerd lzover products

differ and how these differences would translate into varied land use change eméstiorates
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4.5 Conclusions

In this chapter, | have attempted to test the sensitivity of different choices in the implementation

of LCA on impacts of land and water use associated with imported soy from South America. | found
that besides the spatial and temporal resolution of ungiery data and indicators, methodological
choices and assumptions can be just as influential on estimated impacts. Depending on the choice
of included land cover types and amortisation period, the land use change carbon intensity can
triple for a soybean imorter. Additionally | found differences in identified regions of geographic
hotspots ofLUCemissions using a global companeational land cover mapuch adyy Escobar et

al (2020) Howeverthe sensitivity to alternative data was dependent on the regiwater scarcity
impacts were only influenced by the temporal resolution of the indicator in regions with seasonal
climate, and biodiversity impacts were only sensitive to the inclusion of grassland in the
transformed area in some natural grassland biorfeeg. Brazilian Pampa). In contrastcertainty

Ay az2Aiftf LINPRdAZOGAGAGE f2aa Aa fFNBSfte RdzS G2
Therefore this research has contributed to the existing field of assessment of ‘tlagen global
environmental change by highlighting the need for more research to compare how differences in
data and indicators varying in geographic coverage, spatial and temporal resolution affect estimates

of environmental impacts.

Given the supranational scale of this atly, the findings can be applied to inform muittional
companies and international trade agreements to identify geographic hotspots. Howiggr
chapter also illustrated the need to agree within a political dialogue on normative choices such as
the time period to allocate land use change emissions among commodities, territories and actors
when designing international environmental policies such as sustainable trade agreements (e.g. EU
Mercosur), zero deforestation agreements (éfiiproposalfor a reqilation on deforestatiorfree
productg or payments for ecosystem services (REDD+). Moreover research would benefit from
working closer with policynakers, so that polieynakers can understand the implications of their
own choices such as definitions chgse 6 S ®3 & 2 T YoresSERbNtTaI&os0 thag pbliti€s a? NJ
designed based on the latest science and the latest available data to support monitoring of
compliance to policies and avoid burden shifting to other sustainability challenges. Moresnoker

is needed in the use of definitions and data to support governance of global telecoupled
sustainability challenges. Howeyatevelopment of a more coherent approach requires firstly
understanding differences between available data differing in geddcapoverage (global vs
national/local), spatial granularity and temporal coverage. Secondly more dialogue between

academia and stakeholders in NGOs, rdtional companies and producing as well as importing
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governments is needed to find agreement on imads to measure progress towards common

targets.
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Chapter B-uture Scenario Analysis

Subnationallandusechange offuture international
demand foragri-commodities: Irdepthassessment of the

linkage of GLOBIOM with TrdseArgentina

Abstract

Tropical foresthiave the potential to mitigate climate chant@ough the storage of carbon in their
biomass. Increasinglyompanies anaountries recogrse this potential as one of the solutions to
meet the Paris climate goal. A driver of tropical deforestation is consumption e¢@grinodities.
Considering stakeholder requirements, there is a need to understand howrtjected global
demand on agrcommodities might affecfuture global land use change. Most of theodels
supporting these types of research questiamnbine globabkcale dynanu land use models with
downscaling approaches finding relationships between drivers and observathsobal land use
change patterns to project future land use changdditionally,a lot of research exists on tropical
moist forests, little is known abddand use pressures in tropicaty forests, such as the Chaco in
Argentina. Therefore, thishapter aims to contribute to this body of research via developing
understanding of howsub-national (rather than national)supply chailrmappingdata as well as
locatspecificdata (rather than global)would change the spatial pattern of projected land use
change fromthe!Df 206 f . A 2 & LIK S NX¥nodellinyah ek@ovafry analygsig, RfGuhdQ
that compared tahe default DownScale calibration, includiadyitional subnational supply chain
mapping¢ and local¢ data lead togreaterspatialconcentration of the cropland expansion at the
detriment of forest in few grid cells in the northeast of the Chaconclude that including spatiaily
explicitsupply chan andlocal data can improve the understanding of where within a country land
use change is likely to happen in future. This would altbes focusng of efforts to reduce
detrimental environmental impacts. Howevelsodescribe how more researdh still neededo

improve the robustness of these early findings.
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5.1 Introduction

In the last two decades, agricultural expansion driven by global demand for commodities has
become a major driver of the destruction mditural ecosystems in tropical and subtropical regions
(Pendrill et al.20199. This isreleasing large amounts of greenhouse gas emissions into the
atmosphere contributing to the acceleration of climate change and the loss of biodivéisityis

et al.,2012) Especially thelemandfrom European countries and growing populations scarce in
land resourcesuch a<China is driving detrimental land use change in producing countries such as
Brazil, Indonesia and Argentinaumann et al., 2017)Therefore, comitments have been
established such as the Amsterdam Declaration in Europe or the UN New York Declaration on
Forests that aim to halt deforestation linked to imported products. It is argued that to understand
implications of future consumption and traderategies on food security, biodiversity and climate
mitigation, a systembased approach is needed that links both the supiptygroduction) and the
demand sidei(e. consumption)West et al., 2014)As places of production are often distant from
places of consumption, a global scale approach is ned@&oh, Tong and Liu, 201However, at

the same time, landbased solutions to global sustainability challenges are highly localized and
contextspecific (depending on factors such as investment, infrattne availability and

agricultural productivity) while supply chains are complex.

Therefore, to guide strategies about labdsed solutions towards global sustainable development,
models are needed which on the one hand have the global scale but al§imé¢tresolution to take

into account differences in local characteristiosie example of a model which tries to achieve this
Ad GKS ReylFYAO LI NLAFf Sljdzit Ao NKdzY Y2 RHaflik WDf
et al., 2011ywhich depicts futue land use patterns and trade pathways. To improve the robustness
of these kind of models, the observed land use change needs to be calibrated with highly spatially
refined data(Krisztin and Wogerer, 2021; Leclére et al., 20L6)est the benefit of inading more
spatiallyrefined data for the calibratiori,chose Argentina as a case stadyvhilsta lot of research

exists on tropical moist forests and Brazil, tropical dry forests such as the Chaco in Argentina have
received less attentiofiBaumann etal., 2017) Recently, novel data mapping suhtional trade

flows have become available (developed by Trasey.traseearth), linking producing regions to
consuming countries. This allowee in this study to evaluate which consuming countries are likely
contributing most to future land conversion in the Chaco basedthgmodel projections and the

Trase data on market share by department.
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Argentina has become an important global producer and exporter of products like soybeans,
sugarcane and cattl§FAOSTAT, 2021¥yoybeans are the most valuable export product for
Argentina and around 9% of Argentinean soybeans are exported worldwid&CD2021) making

it dependent on world market prices. The production increases were possible through
improvements in both yield and expansion of planted afileaO, 2017)In recent years, a further
increase of export taxes in 2008 seems to have negativfidgtad export volumes by hindering
investment in agriculturéFAO, 2017)Argentina hasompared to its competitors Brazil and USA,
higher commercialization costs such as for transportation, storage and export taxes despite having
a competitive advantagen terms of productionGiancola et al., 2009yVorld market prices will
increaseas global demand for agricultural commadities is increasing, driven by increases in
population and wealti{Alexandratos and Bruinsma, 201Rjowever, it is not clear how chges in
commercialization costs or increases in soybean demand will affect production and cropland

expansion in future in Argentina.

Deforestation accelerated in Argentina since the 2000s with a peak in @G@0jos et al., 2015)
which was driven largel(46%) by pastures for cattle raising and to a lesser extentgBdy
soybean productiofPendrill et al20199. In 2014, deforestation contributed 145 (12 | NB Sy
greenhouse gas emissiofBAO, 2019)Within Argentina, most deforestation take$ape in the
Chaco ecoregion which has become one of the frontier regions of cropland expansion in Latin
America(Hansen et al., 2013Within the Chaco, the provinces Salta and Santiago del Estero are
two of the top 14 jurisdictions of high deforestation Latin America directly driven by the
conversion to soybeafBong et al., 2021Howeversince 2013 deforestation rates have decreased

by 60% in ArgentingHansen et al., 2013This decline can be partly explained B0&6reduction

of world market sgbean prices between 2012 and 2018y, 2017 seeFigure5.1), increases in
export taxes of the Argentinean government and the introduction of a faldierest law in 2007
(Nolte et al., 2017)However due to limited enforcement, the success of the Argentinean forest
law to reduce deforestation is debatd&ly, 2017and restricted to few jurisdiction@Nolte et al.,

2017) As land use changenissiongiepend on the carbotlensity of the converted lan@specially

for countries mostly covered by ndorest habitat like Argentina, a suimtional approach is

needed accounting for heterogeneity of carbdansity of converted land.
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Figure5.1. Change in sgbean world market price€Sourceindexmundi, 2022

In the Argentinian Chaco land use change seems to be mostly driven by an increase in global
soybean deman¢Fehlenberg et al., 201,A¥hereas in other Argentinian regionther driversseem

to be relaively more important While global companies commit to zedeforestation policies,
production and land conversion is conducted by local and regional actors which can move their
expansion activities depending on legal land use constréiméyfroidt et al, 2018) To understand
thel34ork134ui 2 F f20Ff €I yR dzaS LRt AOASA 2bePolai 2 NI
de Waroux et al(2016)interviewed more than 80 of these agricultural compangesive in the
WDNI Yy / KFEO2Q Ay {2dziK ! YSNAOI ® ¢KS&S | dzii K2 NE
of land investments. Le Polain de Waroux et (2016) found that \ariables explaininghe
probability for investment in landvere proximity to curent investment of companies and
availability of cheap forest land; less strong was low deforestation regulations and low enforcement
(Le Polain de Waroux et al., 2018lere, positively correlated but not significant were high yields
and land price¢Le Plain de Waroux et al., 2016 he variable which was not significant in Le Polain

de Waroux et al(2016Q& addzRe gl & (NI yalLRNI O2adaod Ly
deforestation rates were the enforcement of the Brazilian Forest Code, imgores in soybean

and cattle supply chains, restrictions to access to ctadlitprotected area expansiofNepstad et

al., 2014; Arima et al., 2014)e Polain de Waroux et gR018)argued that frontier expansion
depends on change in accessibilig/g( road building), environmental conditions, technology,

producer prices and/or demand, subsidies or other policies.
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Bearing the results of thesmitial studies in mind|l wastherefore interested in the following

research questions:

1.) Will some new vaables derived from the spatially explicit supply chain data from Trase

correlate with theobserved land use change in Argentina?

2.) How will these updated and new variables change the spatial patterns of the land use change

projections?

To respond to thse questions, wre-calibrate the DownScale model used to downscale the global
land use change projections from the GLOBIOM model, to test the efféstafporatingTRASE
and local data. GLOBIOM is a global dynamic bottprpartial equilibrium model mjecting future

land use changéHavlik et al., 20113t the scale of @ regions, one of them being Argentina as a
country. Sofar the default DownScale model was based on variables explaining biophysical
characteristics€.g. mean temperature, altitude, sbcharacteristics) and soceconomic factors
(e.g. distance to market, wood harvest cost, total population). Howewther possible factors
explaining land use change such as distance to export marketspexfic harvested area and local
biophysicaldata were missing. In this approach, the allocation of future land use change within
Argentina depends on the interplay between future agricultural demairibophysical
characteristicsdistance to the first logistic hub in the supply chain and distancpatts. This
allowed me, through recalibration of the DownScalemodel, to explicitly account for the
relationship between land use change and the spatial distribution of differentnesiket specific
soybean supply chains in Argentina basednmnmodel projections and the TRASE dataset for

market share by department and distce to logistic hub.

5.2 Methods

5.2.1 DownScale model

The potential to improve the allocation of land use change by including spatiadlicit supply

chain information was explored using the DownScale m{iesztin and Wogerer, 2021; Leclére
etal,2016 KA OK fAyl14a @2 L (ValipetQRi2013;[Havlikeh a., 201FJReS
DownScale model aims to allocate to a higher spatial resolution the land use change projected by

GLOBIOM, using as much as possible observeerésgiution data(Krisztin and Wogerer, 2021)
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Projects future land use change /
(LUC) transitions (from land use ‘fiy‘ s
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Figure 5.2. Description of how the land use change transitions projected from GLOBIOM are
connected to the Dowfcale Modelto generate higkresolution land use change projections.

Future land use and land use change is affectiedrianges in global demand (e.g., due to increases

in population and consumption) and suppéyd.,depending on biophysical characteristics affecting
agricultural productivity) connected through international trade. These relationships can be
modelled wit the global economic model GLOBI@NavIik et al., 2013)GLOBIOM is a global
bottom-up partial equilibrium model focusing on the main sectors relevant for land use (i.e.
forestry, agriculture and bioenergy). It models demand, bilateral trade and macdkelil@ium at

the level of ® different world regions (as in supfational) whereas agricultural production is
modelled at the grid cell levéLeclére et al., 2014 ompetitionbetween different land use(i.e.
cropland, pasture, forestryi each pixel are determined by maximizing the consumer and producer
surpluseqValin et al., 2013 GLOBIOM resolveecursively global land use competition between
different land use setors in 10year time steps starting in 2000 until 2050 dependingconstraints

in resources and technologligures.2). Here land use changmodel outputs from GLOBIOMere

taken for the scale of Argentina. Tortber refine these land use change projections from the
national scale to the grid scale, the GLOBIOM outputs were further downsdaledntrast to
GLOBIOM where the calibration of the land use change projections is based on national scale data
(from FAGTAT), the DownScale model can be run with data only available for Argentina and with
much higher spatial resolution representing local characteristioe.DownScale model is spatially
refined with Simulation Unitsdridg of 5 x 5 arcminutes which resalin 6488 pixels for Argentina
which is equivalent to around 10 x 10 km at the equéltarclere et al., 2016pPata were aggregated

to the different major soybean producing biomes in Argentina: Chaco, Humid Pamp&sgindl

(Figureb.3).

136



Chapters FutureScenario Analysis

Chaco @
Espinal
[-] Soy harvested area in 2010
: * Logistic Hubs (90% of soy production)
Humid \_ e 7 * Ports
Pampas g

Figure5.3. Study area by biome in Argentinaith bordersof provincesin greyand locations of
major portsillustrated throughred starsand of crushing facilitiesn bluecircles(98% of soybean
export). Biome boundaries are from TNE019) provinceboundaries from DIV/&IS(2019) oy

harvested area from Song et §021) locations of portand logistic hubsrom Trase. More on
data inTable5.2.

5.2.2 Priormodule variables setup

Within the DownScale modehe prior module(seeFigure5.4) consists of an econometric model
estimating which drivers are explaining the observaadlase change pattern. These drivers are
either static (not changing over time) such as geophysical variables (e.g., slope, soil, altitude) or
dynamic (changing over time) such as GDP, populatioitand rent. Based on this information the

prior module eimates the probability of land use change for ea@mulation Unit. The prior
module will select from all the provided drivers (explanatory variables; left bBigimre5.4) those

which correlate with the observed land use change (dependant variable; top Bigure5.4). The

choice of drivers is based on economic theory of land use where the likelihood of land use change
depends on the relative profitability of the land use and the cost of conversion gegNerlove,

1979).
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Figure5.4. Overview ofthe DownScale modelrrows indicate the flow of data. In yellow are the
data taken from Traséadapted fromKrisztin and Wogerer, 2021

To test how the output of the DownScale model would change by using local high spatial resolution
as input variables (drivers) for the prior module compared to global low spatial resolution (green
rows inTable5.1), the prior model was run additionallff hesewvere conducted witha) Argentina
specific spatiallyesolved input variables mostly providing information about biophysical
characteristics andransport deemed relevant by representatives of the Argentinian government
(red rows inTable5.1) and b) spatiallyesolved input variables derivedofn Trase providing
information about economic aspects (yellow rowg able5.1). The prior module is using stochastic
search variable selection based a Bayesian approaches to choose which of the input variables

are correlating with observed land use charffesztin et al., 2015)

Here, to test the effect of different types of drivers, the prior models run with four different
variable setups: ddault versionincluding variables with coarse spatial resoluti@), default
together with the TRASEariableswith highersub-nationalresolution(T; see yellow boxes iRigure

5.4 and yellow rows iable5.1), default together with variable® N2 Y i K SPIRBNPOF SIONG Y
Partnerships for the Implementation of the Paris AgreemédBiwhich refers to relevant data
provided by the Argentinian governmeras well as default variables combined together with both

TRASE and SPIPA vdeab For each variable indied in each variable setp the correlation with
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the observedand coverchange(from 2000 to 2010 with ESA Qe017) was quantified by the
prior module to beeither positive, negative or no correlation. It should be noted that this

correlation does noimply significance or causatigqRohrer, 2018)

Projections of futurechanges in different land cover classegregated to the national scale were
taken from theGLOBIOMnNodel and fed into the Downscalimgodule (seeFigure5.4 and more
details in sectiorb.2.4). Land use esses in GLOBIOM are cropland, grassland, managed forest,
plantation forest, primary forest and natural land. Howewhg prior moduleonly estimatedoriors
describing the likelihood of conversion from one land use to another landarstne following

changes:

1 From unmanaged or managed forest to Grassland and Crapland
1 From Grassland to Cropland

1 From other natural land to Grassland and Cropland and reversion back.

For the modellingl adoptedthe following assumptions: Supply chain patterns will bestant over

time and; wsing only soybeans is representative for the observed spatial pattern of general cropland
expansion as soybeans are one of the major drivers of cropland expansion in Ardariohdl et
al.(2019a)
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Table5.1: Updated and new prior moduldrivers which were all aggregated to Simulation URbws with variablesetup in red are thosérom the default
(D), in ydlow thosefrom TRASET)andin greenthosefrom SPIPAS). Columns D, T, S and C specify the variables incorporated in each prior module varia

set-up.
Type Variable Description Source
Transportation | Mean time to Marketmin) Griddedtravel time for goods to Uchida and Nelso(2009)
closest market
Transportation | Travel distance to first logistic hub OR pq Gridded travel distance of soy Data source developed by
(km) producingmunicipalities to hub in | Trase(based orOpen
Travel distance to first port in supply cha| SUPPIy chain [km] Street May)
(km)
Transportation | Distance to roads Distance to oadsin 2014 SPIPA
Distance to village Distance tanext localillage
Land rent Forestyield Harvested wood yield (tons) G4M (Spatially explicit
Wood harvest cost Wood harvest cost (USD) Zrﬁztsrzanagement model)
Pasture yield Harvested grass yield (tons)
Land rent Soybean yield Gridded soybean yield in 2017 Data source developed by
Market Share (tons) Trase(basedon MoA,
Gridded Markeshare for each | 2020-
GLOBIOM region (US Dollar) Data source developed by
Trase pased orfreight on
board fromcustoms data)
Landuse Harvested Soybean area in 2001, 2010 [ Soybean harvested area share in | Data source used birase
and2020 grid cell (originally fromSong et al.,
202)
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Type Variable Description Source
Biophysical Mean temperature, Meaprecipitation, Mean within pixel of temperature,| Skalsky et a(2008)
Altitude, Slope, Soi/pe precipitation,altitude (m) and slope
(in degrees) as well as dominant s
type
Biophysical National Park coverag®loisture SPIPA
balance
Distance to rivers Distance to rivers and ponds
Altitude Altitude from digital elevation model
Evapotranspirationpative forest and (dem)
managed by law coveragannual
precipitation, effective soil depth
provinces
Socio Total population, Rural population W2y Sa | y2B16h Q
economic
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5.2.3 Data sources and processing

To update existingriversor test improvement of variable$used multiple different datsources
(Figureb.3, Table5.2).

Table5.2. Overview of data sources

Data sources Resolution | Time period Source

Soybean yield Department| 20162018 Data source developed Byase
(basedon MoA, 2020.

Soybean harvested | 30 x 30 m | 2001, 2010, Data source used by Trase (originall
area 2020 from Song et al., 2021

Price Shipment | 20162018 Data source developed Byase
(based orfreight on board from
customs data)

Flow of soybeans to | Department| 20162018 Spatially explicit model on Productig
importing country to Consumptior(SEIPCS(Godar et
al., 2015; data onTrase platform

Distance to port Department| 20162018 Data source developed Byase
(based orOpen Street Map
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Soybearharvested area

We derived Argentinean data on harvested soybean area in 2081 available year)2010 and
2020 using the dataset of the Global Land Analysis and Discovery (GLAD) lal{@anoret al.,
2021) While the GLAD dataset is available yeari$0 x 30 m resolution,aggregated these to the
simulation grid unit as percentage of harvested soybean area as this is the finest shared resolution

at which the variables for the model of land use change are available

Soybean yield

Yearly averageoybean yield data for each department were used frorase To generate these
data, Trasemainly used the data available from the Ministry of Agroindustry ArgeniinaA,
2020) As for some departments the data were missing, yields were approxinbgt€dse (2020)
using departmenspecific soybean production data from M¢2020)together with Song et al.
(20210 a K I NS & (i BoRthid cNapter, | MavelLuged the soybean production data as freely
available from the Trase.earth platformihisdataset was aggregated as yield [t@tha] to the

simulation grid unit.

Soybean price

Prices of exported soybean were derived from the Freight on Board (FOB) financial valuaseon
which are based on customs data and specific for each export m@nieste, 2020)As this dataset
did not include prices for the domestic markétiook the price of 274.75 US Dollar per ten
soybean for 2017 fromffESE021)

Distance to Logistic Hub

| estimated distances between soybean producing department and digsstic hub in the supply
chainusing intermediate outputs calculated fdirase. The first logistic hub was the case of
crushed soybeana silo or crushing facility anih the case of uncrushed soybeaagort. Trase
estimated the distance$o logistic hub by minimizing the distance between supply node.(
producing department) and demand nodee(logistic hub or domestic consumption hub) using the
road network availablérom OpenStreetMap.org. It has to be noted that this dataset included only
distances from the middle of the producing department to the middle of the logistic hub
department, not accounting for distances within these departments. As each department supplies

more than one logistic hub, in this studifave calculated a weighted averadistance depending
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on percentage soybean tonnage flowing through each logistic hub for each exporting market. For
departments which are not yet producing soybeanisave calculated the distance as distance to
the closest trade hub of which each marketlseady sourcing from. Fdid4ork144ulturts which

are already producing soybeans but not yet for a certain export malrkaie included as distance

a high valuei(e. 1000 kilometre) This was don#o artificially decrease the likelihood of sourcing
from this department ad assumed a static supply chain in this studye Tésultingdataset was

aggregated as distance [km] to the simulation grid unit for each export market.

Distance to Port

To test sensitivity t@hoosing a different node alonige supply chaimo calculate the distance from
producing municipality tpl have calculted the Wistance to pofA Yy F RRAGA2Yy (2 0
f 2 3 A a i DiStandésddieeen soybean producing department and exporting port were
calculated using intermediate outputs calculated fbrase [internal data]. Traselinked ports
specific to eaclexport market with producing departments based on a variety of sources such as
national tradingand customs data, optimizing by travel distandé better information was
unavailable Trasdollowedthe methodology of the Spatially Explicit Information®roduction to
Consumption Systems (SEI PCS) model publisi@mtiar et al(2015)available onTraseg(seeTrase,
2020for more details)l took the distance between each producing department to department of
port from internalTrasedata which were basedn the shortest distance of the trade network from
OpensStreetMap.org. Again, it has to be noted that this dataset included only distances from the
middle of the producing department to the middle of the port department, not accounting for the
specific loation of the port within these departments. As some departments supply more than one
port, in this studyt have calculated a weighted average distance depending on percentage soybean
tonnage flowing through each port for each exporting market. For departsn@hich are not yet
producing soybeangd,have calculated the distance as distance to the closest port of which each
export market is already sourcing from. This dataset was aggregated as distance [km] to the

simulation grid unit for each export market.

Soybean tonnage flow

We used the flows of soybean tonnage produced in each department and exported to each
consuming market fronfTrase, 2020methodology is published i@odar et al., 2016 While the
Argentinean Trase dataset is available yearly between 2016 and 2018 for more than 90 different

countries, | have aggregated these to the 30 differeatonomic regiongi.e. supranational)
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included in the GLOBIOM mod&IS ®3 &> W9 asthia i& Re stn&lléstig@agraphic unit the
model works in. As the publicly available data fromasedid not include domestic consumption
within Argentinal have used a TRASHernal dataset which was developed as part of the SEI PCS

model.

5.2.4 Scenarios fofuture projections

To explore the potential consequences of future changes in demand for food and feed as well as
trade on land use change in Argentidajsed a scenario based on the Shared Socioeconomic
tFdKglte o{{toY { {Popp et SEAANSSH3 viouldvbi @elsciited® Yy hardly
regulated land use change, reduced trade flows anesaurceintensive consumptioPopp et al.,

2017) In theGLOBIOM model, the SSP3 scenario translates into% iBtrease in Argentinean
population between 2000 and 2050, and a%8increase in the yield of oil crops over the same
period [Calculationsbased on GLOBIOM output shared by David éelcl This scendo
corresponded to historical climate mitigation efforts (Representative Concentration Pathways
ReferencdRCPRefnd SPAO (Shared Climate Policy Assumptions, see Krieglep@14).,

For all prior model runs,at total land cover change for each landver category at the scale of
Argentina projected from 2010 to 205@as taken from GLOBIOM (sé@gure5.4) andis the
following: cropland increasdsy 2.6 million hectares (Mha), grassland by 0.7 Mha, plantation forest
by 1.5 Mha, managed forest by 0.01 Mha and primary forest decreases by 4.6 Mha and Natural land
decreases by 0.Mha [Calculationdased on GLOBIOM output shared by Davidetelc!

Whereas for some land cover categories net land cover change is small, there can be large change:
in their gross land cover change. For example, for natural land, over the same time period from
2010 to 2050 there is a loss of 4.6 Mha (of this 4.2 Mha aneerted to grassland and 0.4 Mha to
plantation forest) but at the same time an increase of 4.5 Mha (of, 4hi4 Mha stem from
abandoned grassland and 0.1 Mha from abandoned croplaedFigure5.50 f S RAy 3 {2
decrease of 0.1 Mha. Another example of large gross changes is in the land cover category
grassland: 7.1 Mha are lost during the period 2010 to 2050 (2.2 Mha to cropland, 0.5 Mha to
plantation forest and 4.4 Mha to natural land) while there is also an increase of grassland by 7.9
Mha (3.7 Mha from primary forest and 4.2 Mha from natural land) [Calculations based on GLOBIOM

output shared by David Leéxe].
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From
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Land Cover increase from 2010 to 2050 [1000 ha]
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Figure5.5. Overview of absolute land use change transitions projected by GLOBIOWgentina
between 2010 and 205@rom land cover class to anothd¥or example, the last row indicates the
gains in cropland (over primary forest and grassland), which differs from net change in cropland
cover as some cropland is abandoned (leading to an increase in natural land) and some other
converted to forest plantions. Listed land cover classes refer to Primary Forest (PriFor), Plantation
Forest (PItFor), Natural Land (NatLnd), Managed Forest (MngFor), GrsLnd (Grassland) and Croplar
(CrpLnd)

5.3 Results

5.3.1 Prior model results to explain land cover change

Across all por model setupsa correlation(positive or negativelas obtained for each variable for
at least one land cover change transition with cropping input systems excepbifioe variables
from the default setup (i.e.Wrigated are& High fertilisation aeaQ Yéw fertilisation are&and
Wubsistence farming ar€and some variables from the Trase variableget(i.e.\8oy harvested
area in 201@as well as some expemarket specifictharket share® Wistances to pofand
Wistance to tradehubQ In contrast the model showedorrelations Table5.3) for biophysical
variables €.g.temperature, precipitation, slope, altitude, styjpe), economic variable®(g.Wood

harvest cofR%hean time to markeR'\grass yiel@Boybean yielfp, percent coverage witlexisting
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land cover at the beginning of the periogl.g.forest, natural lad, grassland) and countgpecific

supply chain variableg (. \Histance to trade huQWistance to porQ4harket share§.

Across all prior model setups, tkerrelationof variables depended on the type of land conversion
and the variable setup caidered.Forall prior model setupsin case othe land conversion from
grassland to cropland only sigrrelatingvariableswvere selectedrom the available input variables
In contrast across all model setups conversion from primary forest to cropkatil6correlating
variables; from primary forest to grassland hadc2irelatingvariables; grassland to natural land
had 21correlatingvariables; cropland to grassland had d@relatingvariables and cropland to

natural land had eightorrelatingvariables.

Drivervariables varied across land cover transitiasgollows

1) Inthe case of theonversion of primary forest to cropland:

1 In the default (Din Table5.3) variablesetup the model pick up ascorrelating the
Wroplandcoverag®$orest coverag€ns well asHatural landcoveragéat the begiming
of the period,Wood harvest tonnag@4btal populatiorQ4%ural populatiorfand $lopeQ

T 'RRAY3I G2 (GKS RSTIl dzZ G @Jarkblds ¢TiiTaides.8) Rdestol A 2
the modeladditionally picing-up ascorrelating'8oy yield2¥oy harvested area in 20Q1
andWa 2@ KI NI S20203WRarket Bliare of EY Central EQsind Bistance to
Tradehub of EU Central E&3idowever, running the prior model with both default and
Trase variables also led to defauliriables being dropped, namelbrest coveageQ
Wood harvestand fural populatiorQ

1 Adding to the default variable sefp additionally local data variables (SPIPATabie5.3),
leads to the model pickingup ascorrelatingfrom the $1PAvariables\istance to riverQ
Wvapotranspiratio®@and Hnnual precipitatio® However now the model dropped all
default variables exceperopland coverag@

1 Adding to the default variables both TRASE and SPIPA variables combin@dl{e5r3)
leadsthe modelto now only pickup from the default variable®ropland coverag@4¥ood
harvest cosand 4btal populatiorQ from the TRASHariabes only¥oybean harvested
area in 200Qbut from the SPIPA variables sWlistance to riverQ‘8vapotranspiratio®
and‘#nnual precipitatio@Howeverthe model droppedcompared to the default variable
setup, WlopeQ compared to default plus TRASEgy yieldR Woybean harvested area in
2020 as well as bothMarket share EU Centragand Wrade Hub Distance Etkentral get

147



Chapters Future Scenario Analysis

dropped. Compared to default plus SPIPA, the modeedy 2 i RNRLJ lyeé& 27

variables.

2) For theconversion of primary forest to grassland:

)l

In the default variable satip (D)the model pickup ascorrelatingthe ¥roplandcoverag®
Yorest coveragé€and Hatural landcoveragéat the beginning of the perigdood harvest
tonnageR Wood harvest cosR\grass yiel@ Ybtal populatior? HititudeQ WlopeQand Woil
typeQ

l RRAY3 (2 GKS RSTI df G @vanahlds §TtirGable5.B) Radital A 2 y |
y2 @FNARFotSa FTNRY K Supustowelafing The ély tivb viardalles 6 S A
which get dropped from the default setip are $brest coverag€and Wbtal populatiorQ
Adding to the default variable setp additionally local data variables (SPIBAleads to
the model pickingup ascorrelatingfrom the SPIPAariables #istance to citieQW#istance
to riverQWititudeQHative forestO 2 @ S Mitd $hér@ged byawQ¥nnual precipitatio®
and Wffective deptfQ However now the model dropped from the default variables both
Yorest O 2 @ S N#atlr8l @nd coverag@Wood harvest cofpYrass yiel@Hltitudetand
WoiltypeQ

Adding to the default variabldsoth TRASE and SPIPA variables combiradsthe model

to pickup from the default variablesgroplandO 2 @ S Mihd H&@al land coveragénat
the beginning of the periadfhean temperatur®¥oil typeand Wrigation aredYdropped
compared to thedefault only were¥brest coverag® Wood harvest tonnag@ Wood
harvest cod \grass vyiel@ Ybtal populatiorQ WHititudeQ and Wlope). In this combined
variableset, from the TRASEriables agorrelatingis picked up only théV arket share of
Chin&Ywhichis not picked up asorrelatingin any of the other variable combinations
From the SPIP#ariables, picked up arrelating(which were alreadyorrelatingin the
default plus SPIPA (S3tup) were Wistance to citieQ HltitudeQ ‘Hative forestcoverag€
and %hanaged by la® "nnual precipitatio®and €ffective deptfQ New variables being
picked up which were not already being pickgawith the default plus SPIPA agt were
Wafional parkcoveragé€rand Histance to road@ Dropped wa only the variablédistance

to riverd<rompared to default plus SPIPA.
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3)
1

4)

In the case of theonversion of grassland to cropland

In the default variable satip the model pickup ascorrelatingonly the variablesHatural

land coveragé€and Ybtal populationQ

l RRAY3 (2 GKS RSTI df G @vanahlds §TtirGable5.B) Radital A 2 y |
only the variableWlarket share Chimabeing picked up asorrelating from the Trase
variables whereas from the default variables, only the varidtiial populatiorQgets
dropped.

Adding to the default variable sefp additionally local data variables (SPIPA), d¢hd
modelto pickup not a angle variable asorrelatingfrom the SPIPA variables, but lead to
drop from the default variables thi#atural landcoverag®

Adding to the default variables both TRASE and SPIPA variables combis¢ddaaddel

to pickup from the default variables dyp\\‘ural populatiorf{was notcorrelatingin any of

the other variable combinations for this land transition) as well as Waural land
coverag&which already got picked up asrrelatingfrom the default and the default plus
TRASE (T) but not the default plus SPIPA (S) variable set. From the TRASE variables, only t
Wiarket share of US@ot pickedup ascorrelatingwhich was notorrelatingin any of the

other variable combinations fahis land use transition. From the SPIPA variables only the
variablelistance to riverQot picked up asorrelatingwhich was notorrelatingin any of

the other variable combinations for this land use transition.

Forconversion of cropland to grasshkin

In the default variable setip the model picked up arrelatingthe WroplandO2 @S NI 3 S
Yrassland 2 @ S MiddBaucal landO 2 @ S NihednSife to markeR4otal populatiorQ
Wititudeand BlopeQ

Adding to the default variablds RRA (i A 2 y | f -FadablésKTSn Téolevd) |daifof
the TRASE variablés only Woy yieldbeing pickeeup ascorrelating However from the
default variable dataset only one variable got droppetropland coveragwhereas the
model picked ums newvariablecompared to only the default variable dataset @jass
yieldQ

Adding to the default variables additionally the SPIPA variables (Stheatodel to pick

up ascorrelatingonly two variables from the SPIPA dataset, narditance to citie€and
Wnnual precipitatio® Dropped compared to the default variable combination were
WroplandO 2 @ S Mid Bafugal landO 2 @ S Niltimde@slopeQwhereas stiltorrelating

were Yrassland covera@@ihean time to marke@and total populatiorQ
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1 Adding to the default variables additionally both TRASE and SPIPA variables combsied lead
the model to drop from the default variables compared to running the model only with
default variables (D}roplandO 2 @ S Mihd BB3land coveragilititudeQand WlopeQ
Though stillcorrelating compared to the default variable version (B)e ‘Hatural land
coverag® ®hean time to marke@and 4btal populatiorQ The model pickup as newly
correlatingcompared to the default only (D) versid#brest coverag® From the TRASE
variables the only variable whiclets picked up agorrelatingis Woybean yiel@whichis
already correlatingin the default plus Trase (T) variable condtion. From the SPIPA
variables the same variables appeareatrelatingcompared to running the model only

with the default plus SPIPA variabl&#istance to citie@and %¥nnual precipitatio®
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Table5.3. Variables showing positive (+) and negativedprrelation to ESA C(017)land cover changes from 2000 to 2QXtimated with quantile

@)
>

analyses. Tested variable sets were in each colDefault-DownScale variables (IDefault together with TRAS#erived variables (T); Default together with © 5
SPIPAlerived variables (S) and Default combined with both TRASE ansld&ifilred variables. Rows with variables from the default sgp (red), TRASE )
(yellow) and SPIPA (greeMNonrelevant columns are coloured in grey

Variable

PriFor to CrpLnd

PriFor to GrsLnd

GrsLnd to Cr

pLnd

GrsbLnd to NatLnd

CrpLnd to GrsLnd

CrpLnd toNatLnd

Variablesets

D

T

=

C

D

T

S

C

D

T

S

C

D

T

S

C

D

T

S

C |D|T

S

C

Croplandcoveragg(in 2000

+

+

+

+

+

+

+

+

Grassland coverage (in
2000

+

+

Forestcoveraggin 2000

Natural Landcoverage (in
2000

Mean Temperature

Mean Precipitation

Wood harvest [tons]

Wood harvest cost]

Grass yield [tons]

Travel Time to Market

Total Population

Rural Population

Altitude

Slope

Soil typé?

+2

+4

all

+4

Irrigated area [ha]

2C2dzN) RATTFSNBY
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Variable

PriFor to CrpLnd

PriFor to GrsLnd

GrsLnd to CrpLnd

GrsbLnd to NatLnd

CrpLnd to GrsLng

CrpLnd toNatLnd

Variablesets

D

T

S

C

D

T

S

C

D

T

S

C

D

T

S

C

D

T

S

C

D

T

S

C

Yield [Tonne per Ha]

+

Soy Harvested Area (in 2001)

Soy Harvested Area (in 2020)

+

Mshare China

Mshare USA

Mshare EU Central East

Mshare WestAfrSSA

Distance to Port EU North

Distance to TH EOentralEast

Distance to TH MiddIEastNAfr

Nationalpark coverage

Moisture Balance

Distance to cities

Distance to rivers

distance to roads in 2014

Altitude

Evapotranspiration

Native forest and managed la
coverage

Annual precipitation

Effective depth

Provinces
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5.3.2 Impact on land use change projections to 2050

We estimate the effect of including furthedriver variablesets on the spatial distribution of
projected land cover change by comparing the outcome of the DownScale model if including Trase
variables and SPIRAriables compared to the defawersion Figure5.6). As explained in the
methodological section, the prior model setups do not affect the absolute amount of land cover

change (determined by @IBIOM), but only itspatialallocation.

Only considering the three land cover classes for which most land cover change is projected, namely
cropland, grassland and primary foreldfind that adding either RASEvariables or SPIPA variables
increasesthe amount of cropland expansion in mideierthern Argentina compared to the output

using only defaulvariables Figurebs.6). Howeverbesides this olervation there are only few other

differences visually observable from the national raster maps.

2010 2050 (Base variables) 2050 (Base + SPIPA) 2050 (Base + TRASE)

% of land cover class:
B Cropland
Unmanaged Forest
M Grassland
M Other
M Grassland & Cropland

Figure5.6. Raster map of Argentina depending on the percentage of the dominant land cover class
in each grid cellshowing the continuous colour coflghe redder it is, the higher the percentage

of cropland in this grid cell; the greener it is the higher the percentage of unmanaged forest in this
grid cell; the bluer it is, the higher the perceneagf grassland in this grid cell. Tare, violet is a

mix of the colour blue (grassland) and red (cropland). Black means here that it is not dominated by
any of the three key land covers here (i.e. cropland, unmanaged forest or grgssland
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Figure5.7 shows the pattern of projected net land conversion at pixel level for four different land
cover types: cropland, grassland, primary forest and nafarad. Compared to the defawltersion,
including TRASE YR {tLt! @FINAIofSa tSFRa (2 Y2NB VYK
distributing it more equally across Argentinian existing agricultural land. For exaonppgand
increases irboth the TRASE and SPIPA varisggseup by up to 53% persimulation grid cell
compared to thedefault variable setup increasing up to%2% Eigure5.7). Similarly, for grassland
including TRASEBNdSPIPA variables leads to more increases in grassland in western Humid Pampas
and Chaco biomessée Figure5.3). Inthe case of primary forest, including TRASE and SPIPA

variables leads to primary forest loss of up to%0n somesimulationgrid cells.

The areas of highest cropland expamsére in the province Chaco and to a smaller extent in the
province Santiago del Estero; mainly in the departments General Belgrano, Chacabuco, Doce de

Octubre and Fray Justo Santa Mario de Oro.
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Defaut Default+ TRASEDefault+ SPIPA Defaut Defaut + TRASEDefault+ SPIF
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Figure5.7. Percentage of change of total land from 2010 to 2080the land cover typesof
cropland (a), grassland (b), primary forest (c) and natural land (d) in Saahation Unit.

Comparison of output using either the defadtiwnscale version only or together with either SPIPA
or TRASE variables.

Land cover change projections within Argentina are not equally distributed among the biomes.
Using the default variable combination, cropland is projected to expand by 2.5 Mhad&et®010

and 2050 according to the RCPRef SPAO SSP3 scenario vattydstincrease within the Chaco
biome: 1.5 Mha of new cropland will likely appear within the Chamopared to only 0.6 Mha in

the Espinal and even a likely decrease of 0.04 Mha ikitireid Pamps Eigure5.8). Similarly, with

the default variable combinations of projected 4.6 Mha of primary forest loss across Argentina, the
majority will be in the Chaco with 2.2 Mha for the default variable cowaiton compared to a loss

of only 0.7 Mha in the Humid Pampas and 0.4 Mha in the Espinal. In contrast, the majority of the

loss of natural land will be in the Humid Pampas with 0.6 Mha and in the Espinal with 0.02 Mha
(using the default variable combinatin
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Differences between the three variable combinations (default, default and TRASE, default and
SPIPA) artargestfor primary forest, grassland and abandongehssland Figure5.8). Including
TRASHariables compared to the default setup leads within the Chaco to a conversion of 0.5 Mha
more primary forest but an increase of grassland by almost 0.5 Mha from 2010 to 2050 compared
to the default variake-set. In contrast, including TRASE variables compared to only the default
variables leads to less conversion of primary forest in the Humid Pampas (0.4 Mha) and the Espinal
(0.3 Mha). Including SPIPA variables compared to the default vagableads & more grassland

expansionn the Humid Pampa®.2 Mhg, but less grassland conversion in the Esgd& Mhg.
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Figure5.8. Net land use change of different land cover classes between 2010 and2@@s3 different biomes in Argentina. Please note the different values
on xaxes.for the biomes Chaco a), Hunfémpad), Espinal ¢) and other biomes d) and different Varigbteips Listed land cover classes refer to Primary_
Forest (PriFor), Plantation Forest (PItFor), Natural Land (NatLnd), Managed Forest (MngFor), GrsLnd (GZaggland)(CrpLngdAbandoned Gssland
(AbanGrLnd) and Abandoned Cropland (AbanCrlLnd).
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5.4 Discussion

This study aimed to identify additional relevant variables explaining historical land cover change at
sub-national level within Argentina using the DownScale model with the ultimate aim to improve
the accuracy of spatial explicit land cover change prajesti For this purposkhave incorporated

into the prior model of DownScale spatially explicit supply chain data fronT thgeplatform as
gStt Fa &ALIGAIf e SELX A Okhaptedbshadvediratzahladst somerdf G I
these additional variables amrrelatingwith historical land cover changéfound that including

either SPIPA or Trase variables lead tonpry forest loss being much more restricted to few
departments (namely General Belgrano, Chacabuco, Doce de Octubre and Fray Justo Santa Mari
de Oro) within the Chaco rather than more equally distributed using detaulables(Figure5.6).

Being able to predict the few suimtional geographies likely experiencing most pressure on forests
from agricultural expansion in future, would allow the targetinf interventions, and is likely

making them more effective overall as a result.

As highlighted, this analysis is a first exploratory study to incorporatenatibnal supply chain
mapping into models that downscale global scenario models such as GLOBit@\differences

in the spatial distribution of projected land cover change by 2050 between the three different
variable combinationare not particularly stark, but thisould pdentially beexplained by the fact
that | did not includeother variables which might have strongly influenced land cover change in the
analysed time period between 2000 and 20E0r example, gricultural production in Argentina is
known to be affected by export taxes on soybeans a%3f Argentinian soybeans are produced
for export(Nolte et al., 2017)Alternative explanations could lskought events affecting farmets
income and thereforetheir financial capacity to expand productioffThomasz, Vilker and

Rondinone, 2018)

Another challenge in explaining historical laswlrer change in Argentina could be the differences

in available land cover maps and their land cover classifications. For this| stugdlse the global

scale ESA CCI land cover maps. It is possible that a national land cover map might be better ir
distingushing native natural vegetation such as savantyge land covers or pasture from
grasslandsee discussion in sectidm.1.9. In a recent global study of historical cropland expansion
between 1992 and 2015 by Eigenbrod et(2020) these authors also used the ESA CCI land cover
map though to avoid error, they excluded the land cover classes 30 and 40 (mosaic of crtbpland)

contrast, in this studythe ESACCIE YR O2@SNJ Of  aaSa on FyR nn
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Krisztin and Wogerer, 2021Eigenbrod et a(2020)considered land cover classes 30 and 40 to be
smallholder agriculture. As deforestation in Argentina @& driven by smallholder agriculture,
AyOfdzZRAy3 OfldasSa on FyYyR nn & WONRdysletyaBRQ Y
(2017)found that the ESA CCI land cover maps overestimate cropland globally. To which extent this

is the case in Argentinia unknown.

Several simjiflyingassumptions had to be made which may limit the validity of the findings. Firstly,

| assumed that supply chain patterns are static over time. Reis @0&l0)found that in Brazil over

time scales of around ten years,mly chain patterns of companies were stable and consistent
over time. It is likely that some supply chain variables such as distances to ports are more static
over time than distance to logistic hub (e.g. silos or crushing facility) as over time d@lysthiat
additional silos get built or traders using those silos change. Furthermagieestimated many
addzLILX & OKFAY @FNAFofSa ALISOATAO (2 O2yadzySNJ
chain configuration is more static (e.g. Europgbpn others whose population and meat
consumption is increasin@.g.,China or other Asian countripdt is also possible that political
factors(such as theecentChinaUSA tradewar) could reshape sourcing decisions and therefore

proportionally increase demand from some biomes within Argentina much more than from others.

5.4.1 Areas for Future Research

As this was only an explorative study with limited time available to analyse the benefits of including
spatiallyexplicit supply chain data frofmirase there are many areas future research could focus
on. One limitation of the study was that supply chaivere assumed to be static. This limitation
could be overcome by for example including information about the establishment of crushing
facilities which would be available yearly from CIARA17) Possibly with this dataset a
relationship could be establiskd between the year of crushing facility establishment, soy
processing volume of the crushing facility and localized land use change. Another limitation of this
study is that useddrivervariables from the time period of 201818 to explain land covehange
observed between 2000 and 2010. Therefdo consuming markets which changed their supply

chain between that period, it would be unlikely that these variables woulddseslating
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Additionally, this study focused on adding variables explaitiogland expansion. Howevélrase
also has data available to impropenjectionsof pasture expansion such as livestock density or egg
production per department(Trase, 2020) Furthermore as the land cover maps and their
classifications vary for Argenéinit would be interestingo study if the projected land cover
changes would be different with a national land cover datdkat islikely to better differentiate

local natural habitat and natural grassland from humeed pastures.

Future research cdd include themodelledvariables in a different way. In this stubtiycluded up

to 150 different variablesoncurrentlyto explain land use change. Howeyvepme variables
(especiallythose of the SPIPA datageare similar to the variablegcluded within the default
dataset (e.g. yearly temperature). Therefoigome of the default dataset variables could be
replaced with some from the Trase or SPIPA dataset to test whether this might improve explanatory
power. This more detailed analyses would help tadarstand uncertainty of parameters and

improve the reliability of downscaled land use change project{@teen et al., 2019)

Finally, for simplicity did not change the nationacale quantitie®f projectedland use change
which are derived fromthe GLOBIOM modelbut only the spatial pattern ofhese projections.
However it would be interesting to test whether Trase could help to improve the dynamic aspects
of the GLOBIOMnodel itselfas well. Trase data include the yearly changes of export flows per

export market which coulte useful for such modelling advances

5.5 Conclsions

Thisexploratorystudyhasshown that many of the supply chain variables well aadditionallocal
variables introduced via the inclusion of data from Trase and SRIETA found to becorrelating

with observed land use chang&herefore, it is wahwhile includingthese types of variablaa the

prior model whichslinked to GLOBIOMHoweverwhich variables wereorrelating was vergnuch
depencent on thetype of the land cover transitiorbeing modelledIn addition to the important
implicationsof the inclusion of this data on model dynamics, this study has also indicated that
including additional spatialigxplicit variables from the Trase aB&PIPAlatasetsmay concentrate
projections of theconversion oMbrests to grasslar@and W ¥ 2 NJBrdplandiioXewer, smaller,
regions.Whilst highly tentative given the preliminary nature of this study, such conclugibns

verifiedin reality) would make it easier for governments and private sector actors to focus their
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efforts onto fewer forest frontiers.More researctanddatadevelopmentis needed to verify these

initial findings.
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Chapter &eneral Discussion

Despite the urgent need to produce commodities more sustainably and the accelerated availability
of data, tools and methodt better understandenvironmental concerns in supply chairthe
implementation of this knowledge into decisionaking is lagging behindo bridge this gaghe
overall aim of this thesis t® considersupply chain act@r €quirementsin the development of
environmental impact assessmermfagricultural commoditiewith complex supply chainslereby

| aimed tounderstand opportunities to build on setmtional supply chain mapping dati this
concluding chapter, | first summari€hapters1-5 and illustrate how they contribute to the aim of

the thesis as well as time individual research questions. Second, | discuss the thesis contribution
and the overarching discussion points that emerged. Third, | reflect on the research of the thesis,
highlight limitations and describe what this means for future research. Fihalhd this Chapter by

illustratingthe implications of these findings for practice and policy.

6.1 Summary oChaptes and key findings

The first research stage of this thesis wagtmage with stakeholders and identify what knowledge
end-buyers of forestrisk commodities would need so that they can utilise-sational supply chain
mapping data and improve environmental sustainabilitycamplexsupply chaingChapter 2)]
identified that stakeholders have a need to consider multiple dimensions of sustainability in
decisionmaking.As a response tthis need the second objective of the thesis was to apply the
sub-national trade flows to several impacts assted with water and land use (change) for
soybeanproduction (Chapter 3). Secondly, stakeholders articulateged forobust estimates of
environmental impacts (Chapter.Zyherefore | also aimed to understand the sensitivity of the
results of Chapter ® different methodological and data choices as well as assumptions on farming
practices (Chapter 4). Thirstakeholders mentioned a need tmderstanding how environmental
impacts might evolve ifuture (Figure6.1). As a response to thathe last aim was to explore the
effect of incorporating suimational supply chain mappirgata into a predictive land use change

model (Chapter 5).

162



Chapter6 General Discussion

2
g Ill. What-if .
g scenario V. N.or.mat.lve
0 & analysis Optimization
e 9
W Chapter 5
IS
S
-~
> o
8 =
< ol Land use l. Impact
g,- footprinting Accounting
‘q:, Chapter 3+4
o
A A o
Human Ecological
drivers impact
Topical focus

Figure6.1. Categorization of quantitativ€haptes depending on their research objectives (adapted
from Bhan et al(2021)

In Chapter 1, | describe the problem space in which this PhD thesis stidreepolicy-interface

fits. It is a challengél 2 YSSG GKS KdzYly LRLMzZ FGA2yQa AyON
climate change, biodiversity loss and degradation of ecosystems and natural resolinees
importance of this challenge is acknowledgey the private and public sectand illustrated
through commitments to eliminate commod#yriventropical deforestation However, despite the
increasing availability of data and information aiming to transform agricultural production of traded
commodites, implementation of this knowledge into decisioraking is slow. Therefore, there is

an urgent need to engage with stakeholders to identify how research could be made more useful
in practiceln this context, LCA is an important decisgupport tool toidentify key impachotspots

along the entire value chain of products and therefore improvements stratd@lesnna et al.,
2020) However, LCA is often limited in the soétional detail it contains to account for the
heterogeneity in environmental impagt(Patouillard et al. 2019). Another gap is that existing
research has often focused on a single producing countigolation(Gardner et al. 2019)This is
limiting the relevance to mulinational companies and governments with globalised supply chains
(Bhan et al. 2021). Additionally, there is a lack of ktimparison about the effect of different
availabledata sources, methodological choices or assumptiongsiimated water and land use
(change)impact due to agricommodity production. Thereforghese identified research gaps

directed the focus of the following chapters.
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The objective of Chapte2 was to understand how different stakeholders involved in shaping
decisionmaking in the context of end dz&8 SNA NR 4 P 2 NP &rénseRds sek S a
limitations in knowledge and barriers to progresihin globalised complex supply chaifr an
in-depth exploration, | adopted a qualitative approach based on stractured interviews and
focus group discussions of manufacturers and retailersa@iogragricultural commodities, NGOs,
consultancies and certification bodies. | found that-sational supply chain mappirgata could

be made more relevant to enrbuyers by: 1.) linking to multiple environmental impacts for a more
holistic consideration osustainability, 2.) coverg multiple producing countries consistently as
multi-national companies have globalised supply chains and 3.) allowing to understand how future
impacts might evolve as a response to possi#eisions Figure6.1). However opinions ranged
heavily between interviewees about whether research findings should be communicated in a more
simplified manner€.g.,expressed in a sitgymetric) to avoid delaying action or by acknowledging
the complexity inherentn such assessments to lead to better decisions in the-terg. Another
finding was that the perceived conflict of interest between different actors along the supply chain

ishindering progress on sustainability challenges.

Chapter Souilds on the research gap identified in Chapter 2 by linguignational trade flow data

to impacts of water and land use (change) for soy production to improve the spatial resolution of
existing impact assessment and identify aridiragle-offs. UsingLife Cycle Assessment principles

and spatial data analyses, | estimated impacts on land usegehamissions, biodiversity, water
scarcity and soil productivity related to soybean exports from Argentina, Brazil and Paraguay. While
the regions with largest sepduced LUC emissions were located in the north and northeast of
Brazil (Para, RondbniaaRi) as well as northern Argentina (Salta), regions with highest biodiversity
impacts were in the coastal rainforest of Paraguay (Alto Parana, Canindeyu, Caaguazu) and
southern Brazil (Santa Catarin&) contrastregions with largest soil productivityde were found

in the southeast of Brazil (Santa Catarina, Rio Grande do Sul, Parana). These differences betwee
soy producing jurisdictions also influenced which consuming countries had the largest footprints
depending on their sourcing pattern: Brazil hibe largest soil productivity loss and biodiversity
footprint, Spain the largest LUC carbon footprint and China the largest water scarcity footprint.
Nevertheless, variability within states was high across all studied impact categories highlighting the
benefit of subnationalsupply chain mappindata for spatiallyexplicit land and water footprints.
However, a high level of uncertainty remained as hotspots of LUC carbon footprints differed to
those reported by other authors (e.Bscobar et al., 202@ishg alternative spatial data and taking

different methodological choices.
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To better understand sources of uncertainty discussed in Chapter 3, the objective of Cheyater

to analyse the sensitivity of the estimated results to different choices and gsttams taken in the
application of LCA methods. To date, a lot of research aiming to reduce uncertainty of agricultural
products in LCA has focused on improving the spatial resolution of field data (e.g. yield) or indicators
(e.g. water scarcity, biodivatg loss) However relatively little research exists on how the
uncertainty arising from the choice of method (e.g. length of amortisation period) or data (e.g. land
cover, carbon density, doubleropping) translate into uncertainty in estimated environnmsal
impacts. | find that choosirg5year time period to account for direct LUC carbon emissions instead
of 20 years triples LUC emissions for some states outside of the Anfedditionally the choice of

forest carbon dataset can double LUC emissiamssbme states in Argentina and Paraguay.
Biodiversity damage is most influenced by the inclusion of the grassland land cover in the
transformed area in thdiome Pampa. Water scarcity is more influenced by the spatial variability
between states than the gplication of monthly(instead ofannua) water scarcity estimates. In
contrast, soil productivity loss is more influenced by assumptions on farming practices (tillage) than
the spatial variability of the indicator between statésowever, the importancef these factors
depends on the geographic location of the producing regithis study illustrates thabesides

more spatiallyresolved datathere alsoneeds to be harmonisatioand guidancén methodological

and datachoices to reduce uncertainty in environmental impact estimafegeeing on standard

data and methods to quantify LUC emissions will be crucial to successfully implement policies of
multinational companies and consuming countries aiming to reduce impdgi®obalagricultural

trade.

As a response to the identified stakeholder neddsunderstandfuture impactsof potential
decisions and policies (Chapter, 2)e objectiveof Chapter5 was to explore whether models
projecting land use patterns driven bnternational agricultural commoditydemand can be
improvedby incorporating suimational supply chain mappirdata To date global economic land
use models can be limited in their spatial resolution by often only linking at the national level
producing to consuming countries, limiting the ability to account for the heterogeneity in
environmental impacts of agricultural production. Using a partial equilibrium economic model with
a global framework but high specificity i65ork165ultureal sectors, | tested fothe effect of
including subnational supply chain mapping on the difference in the spatial allocation of land use
change patterns in Argentina until 2050. | found that including Trase highlightspatial
concentration of the cropland expansion at the detent of forest in few grid cells in the northeast

of thetropical dry forestChacoln these grid cells, the increase in cropland was ar&8b higher
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compared b excludingTrase data in the land use change calibration. Being able to better predict
where future land use change would be concentrated could help to focus efforts and policies on
those jurisdictions. This study is an exploratory attempt to integrate-ratibnal supply chain
mapping data from Trasmto the global Partial Equilibrium modeLGBIOM (Global Biosphere
Management Model). Therefore, many suggestions for future research remain and were discussed
which ¢ depending on further methods developmeqtould potentially help to inform decisien

making towards reducing the impact of trade in agricultural commodities in future.

6.2 Thesis contributions and points of integrated discussion

Within eachof the analytical Chapters(Chapters2-5) the specific coributions and relevance of
the work conducted have previously been discussed within dedicated Discussion sections per

Chapter Nevertheless, therare emergentcrosscutting themeswhichare nowdiscused below.

6.2.1 Data: balancing local and global coverage

A coreaspectthat arosein all analyses was the challengibalancing detailed information that is
better adapted to a local context with a desire for coverage of larger geographies, thus enabling
comparison across different regions. For example, Chaptdlustrated the large difference in
identified hotspots of soynduced LUC emissiofgr some biomesusing global land cover maps
compared to national Braziliaalternativesas in Escobar et 2020) The differences between
global and local maps aind cover (e.gWinkler et al., 202)L, carbon density (e.gR6tzschner et al.,
2022 or species richness (elrimack et al., 20)8arepartly due to technical limitations of Earth
Observation to increase the spatial resolution or delineate land covesstilpu et al., 2021put

also due to different definitions adopted in the development of these maps. For example, the
widely used global datasets by Hansen e{2013)define deforestation as bossin forest cover,
whereas the Brazilian government déf§ & WRST2NBadl GA2yQ a | OKI
cropland in their dataset PRODE§Portuguese: Brazilian Amazon Deforestation Monitoring
Program;Numata et al., 201)1 Therefore, the Hansen et 2013)definition would overestimate
deforestatin as it would include forest loss in plantations and managed forests which is not a
change in land us€Tropek et al., 2014)However, alignment with national policies such as the
Brazilian Forest Code (which is suppomneth PRODE®;g.Soterroni et al2018 or the Argentinian
Forest Law(Nolte et al., 2017)s an important consideration for data selectiddeverthelessa

limitation of national land cover products can be that they are often not available annually,
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restricting their abity to monitor changes over timgsouza et al., 2020pverall, researchers need

to carefully select which data are best suited for the purpose of their study.

As an example, to support the implementation of global initiatives such as the Sustainable
Dewlopment GoalgSDGs) Convention on Biological Diversity (CBD) and the COP26 Glasgow
Convention, reliable data are needed which are globally consigRotapov et al., 2022)Actors

such as multhational companies and consuming countries have global&giply chains and
therefore require standardised and robust data, methods and indicators to monitor compliance to
international trade agreements and supply chain policies. To date there are also no standardised
systematic sustainability assessments to mfifg how EU trade policies contribute to global policy
targets such as CBD or S6d their associated targe(Kuik et al., 2018 However, while satellite
derived information such as deforestation is readily available, there is a lazkadibout faming
practices such asloublecropping, tillage and irrigation which would be crucial to assess
sustainability of agricultural trade more holistically. In this context, balancing the need for simple
approaches with comprehensive assessments capturing tmaptex nature of eceagrifood
systems (impacts depend on fiuseale land use intensity, landscape fragmentation and local

ecosystems) will remain a practical and methodological challenge.

6.2.2 Complexity

Providing scientific evidence on how to tackle envinemtal problems driven by global trade in
agricultural commodities is a challenge. In a complex system where consumers are linked to
producers through globalised supply chains, it is difficult to describe cause and effect relationships
(Newig et al., 2020)In these systems, effects can be indirect, cascading;linear or have
feedbackqLiu et al., 2021)Therefore scientific knowledge about these systems is often uncertain

or incomplete(Grove and Pickett, 2019or example, there are knowledge gapghwneasuring

the variety of environmental impacts associated with the trade in agricultural prodquiiset al.,

2021) In this context, recent improvements in transparency and traceability of global supply chains
have helped to reduce this knowledge gapl ascribe responsibility to different actqGardner et

al., 2019) Escobar et al(2020)build on these novel data to create fiseale greenhouse gas
footprints of imported soybeans. However, these authors stress that their research should be
consideed a first step. To better guide decistiamaking for sustainability in supply chains, research
should account for multiple environmental impacts to identify potential synergies and-oédel

have contributed to this existing research by building ocoBar et al.(2020)and responding to
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thed G I 1 S Kihdwir&dlFamdentified in Chapter 2 to estimate spatialxplicit impacts of
soybean production across four dimensions of environmental sustainability (Chapter 3).
Nevertheless, during the qualiiae stage of this research, stakeholders highlighted knowledge
gaps (Chapter 2) which | could not fully address in my research. For example, some stakeholders
mentioned that they would like to understand unintended consequences in the system when
making deisions such as by better understanding social impacts, land conversion leakage effects
to other biomes, or how impacts might evolve in future. At this time, analytical models aiming to
account for the complexity of environmental problems in global tragitesns either are not yet
available or are not suitable to account for the complexitiethesechallengesExamples of these
complexinteractionsare land use changes and its multiple causes that work over multiple scales
which are difficult to represenin models(Grove and Pickett, 2019y herefore, these stakeholder

knowledge gaps remain an ongoing research challenge.

One approach to emphasise the complexity inheremtripact assessmentould be to incorporate

the variability and uncertainty in dshates of environmental impact® the communication of
findings. To illustrate this, | have tested the sensitivity to different available alternative data and
assumptions in Chapter 4. Nevertheless, while methods applied in Chapter 3 and 4 have been
devebped to inform stakeholders about environmental impacts of ongoing (historical) trends in
land use change (bottom riglquadrant inFigure6.1), thesemethods are not fit for the purpose to
3dzA RS RSOA&A2Yya 2y Wdkyersichange GheiisQuiiyid tolanZalernadive S N.
region (scenario analysis, top left quadrantFigure6.1). Therefore, in Chapter 5, | attempted a

first step towards incorporating traceable supply chain data into forwaaking land use change
models to better link actors to future impactdowever, there is ask that the complexity (muki
dimensionality) of the problem space overwhelms actors leading to paréfygisieer and Dewulf,

2019) Broadening the information that is provided increasiie complexity by incorporating
multiple indicators, geographies, biomes asghsitivity to normative choiceslowever providing

this complexityreduces the risk of shifting the burden to other impact categories, geographies,
biomes or commoditie¢Gardrer et al., 2019)A challenge in this context is to harmonise data to
facilitate comparability of information while adjusting to the local context or ugBostrém et al.,

2015) Therefore, researchers, policgnd decisiormakers need to carefully balamdow much
complexity is needed which will depend on the research question and the scale expleeted
commodity demand. However, ovesimplifying complex coupled environmental problems can
distract from identifyingpotential solution pathwaygFriis etal., 2016) Therefore, given the

inherent complexity and uncertainty of the global agricultural supply chain system and the
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challenge of interpreting and taking action based on this informawstiom et al.(2015)argued

that pathways will need to be vlleed throughso that throughcontinuous learning knowledge is
developedThis thesis has demonstrated the usefulness of an interdisciplinary approach to develop
knowledge to understand complex sustainability challeng@sapproach useful here as Thornton
(2017) suggests is gelect the method and the respective discipline (e.g., natural sciences or social
sciences) that best fits the research question rather than being restricted by the tools (methods)

available within the boundaries of a single disciplin

6.3 Reflections, limitations and implications for future research

The findings of this research have been highlighted in se&i2and in the individual analytical
Chapters of the thesis, illustrating the contribution of this thesis to existing research in the field.
Limitations of this thesis have also already beenudised in individual Chapters however, in this
section, limitations will be discussed further in more detail, including as the basis of providing

recommendations for ongoing research activities.

6.3.1 Qualitative engagementith stakeholdesto identify needs

Bdancing sampling size and the number of included actor groups along supply chains is a challenge
During the qualitative data collection phase, the scope of the research limited sampling to actor
groups most distant to producing regions. These stakeholden®e selected because of their
distance from producing regions and separation via multiple intermediaries (e.g. traders) common
in complex supply chaif@u Ermgassen et al., 202Zhis location in the supply chaimears that

it is hard for them to identy the origin of their sourced commodities and associated impacts. These
a0l 1SK2ft RSNA NS | NHdzrofte& Y2ad Ay WySSRQ 27
growing expectations placed on these stakeholders (see Chapter 1). As discussedin2séi
however, this focus excluded farmers as they were not considered core usersditsotal supply

chain mapping data. Whilst this methodological choice was intentional, it does mean that the
results of Chapter 2 cannot shed light on the localgseconomic drivers of environmental impacts

in producing regions or evaluate the likely success of solutions (a knowledge gap that was suggestec
by some interviewed NGOs; e.g. to incentivise production on degraded land). Including farmers in
the interviews might have also identified different priority sustainability concerns. For example,
Newig et al.(2020) argued that in relation to soybean trade, local Brazilians are more likely

concerned about pesticides, water pollution or land rights, whereas cosadrGerman NGOs are
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more likely to be around protecting tropical forests. Because, in this thesis, the qualitative research
informed the quantitative research, including actor groups closer to producing regions (e.g.
farmers) in the qualitative researctould have changed the focus towards understanding the

environmental impacts of farming practices (e.qg. fertiliser application, land preparation, pesticide

management).

Additionally, since the beginning of my qualitative data colleaticarly2020, tre policy landscape
KFra OKIFIy3aSR gA0K (GKS AyidNRRdzOG A 2frfe phoductsfgCS 9!
2021b) UK Due Diligence on foressk commoditiegDefra, 2022and the declaration on forests

and land use at the UN Climate Change Confaxén GlasgowWUN COP, 2021 herefore, in the

last two years the potential importance or relevance of more granular impact assessment to
commodity traders has changed, as they will likely shortly be held responsible to comply with the
9 | Qréposal for aregulation on deforestatiofiree products(Zu Ermgassen et al., 2022)he
approach | have chosen here (sestiuctured interviews) allowed richness and depth in

LI NI AOALN yiaQ NBa ld@ngun®d thus lizitingdhe dample siz@ andi theveBy
reducing generalisability. Yet this is typical for qualitative rese@nfman, 2001)However, future
NBaSFNDOK ¢g2dzZ R 0SYSTAG FTNRY AyOfdzZRAYy3a Y2NB
sub-national or national governments. Being includieenclude a wide range of stakeholders will
allow consideration of broader sustainable development goals and avoid efforts being restricted to

incremental change@astos Lima and Persson, 2020)

Additionally, as | found divergent opinions, for examptetloe need to acknowledge complexity in
contrast to a need for more simplification of information, future research could consider-multi
stakeholder workshop approaches$n contrast tointerviews, workshops could help to seek
consensus among participants thre necessary level of complexity, or at least to better understand

where needs align and where they do not.

6.3.2 Choice of indicators applied in this thesis

The indicators selected in this studye(LUCemissions biodiversity damage, water scarcity and

soil productivity loss) had the advantage of being available at global scale. Therefore, if harvested
area maps and subational supply chain mapping data were available, the approach presented
here could be applied to any other region in the world. Howeteere are also shortcomings of

the indicators selected in this thesis such as limited sensitivity to account for land use intensity,
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spatial variability and local context. | selected the indicators for étdiSsiondor alignment with

the Greenhouse Ga$rotocol (WRI/WBCSD, 2011jor soil impacts the approach recently
developed by Sonderegger et §2021) and for biodiversity and water scarcity the indicators
recommended by the global UN Life Cycle Initia(i2@18) For the selected indicatoref LUC
emissionsand soil productivity | couldmaximise the benefits adletailed sub-state supply chain

data to improve the regionalisation in LaAoweverthe highest spatial resolutioavailableof the
indicators recommended by the Life Cycle Initiative waes ldvel of ecoregions for biodiversity
(Chaudhary and Brooks, 2018hd watershed for water scarcity (Boulay et aR018. These
guidelines ultimately limit the ability to fully account for the spatial heterogeneity in water scarcity
and biodiversity. Foexample, previous studies showed that impacts can be quite variable of
biodiversity within a large ecoregion like the Cerrado (Buyan et al., 2020; Green et al., 201®

of water scarcity within a watershe@ekonnen and Hoekstra, 2016\\nother limiation of the
approach recommended by the Life Cycle Initiative, is that it does not seem to fully meet the needs
of businesses according to a recent review about biodiversity assessments of value chains by Crenn:
et al(2020) ThelLife Cycle Initiativ@iadicator only considers impacts on the biodiversity dimension

of species richnesghaudhary and Brooks, 201&lowever, Crenna et a(2020)found in their
review that, additionally within the business domain, the dimension of species abundance was
quantified.Neverthelessas previous research has shotliat the choice of considered biodiversity
dimension can affecthe results(Marquardt et al., 2019; Chaplidramer et al., 2017)future
research would benefit from applying multiple biodiversity indicators to better account for the
complex nature of biodiversity. To overcome the limited spatial and temporal resolofighe
Boulay et al(2018)water scarcity indicator, Mekonnen and Hoekq{2816)suggested an indicator
which accounts for monthly fluctuations in water scarcity and is available at a higher spatial
resolution (55x55 km at the equator) However, thisrecommendation did not gain global
consensus within the LCA community. Another limitation of the Boulay €2@l8)indicator to
inform consumer and supply chain decisions is that it does not account for the local regulation of
water through infrastruatre or legislation thereby affecting how much water is available for
agriculture. Thereforgfuture research should apply multiple indicators to compare the results
across different geographies to identify why and where results are diffesdnth is partcularly

relevant for highly debated concerns suchbasdiversity and water scarcity
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6.3.3 Towards holistic sustainability estimates of agricultural trade

In this thesis, | only studied direct land use change and estimated environmental impacts for which
indicators were available with a suiational spatial resolution. The broad geographic scope of my
analysis enables understanding of the implications of sourcing from across a range of different
producing regions and identifies geographic impact hotspots aadktoffs. However, | could not
completely respond to the stakeholder needs identified in Chapter 2 in terms of wanting to
understand land use change leakage to other biomes. Leakage is a form of indirect land use change
due to a land use intervention (e.gpnservation policy), which leads to land use change elsewhere
reducing the overall benefit of the local interventigMeyfroidt et al., 2018)A limitation of the
commodity and spatialkgxplicit approaches to assess LUC emissions is that they carcoaiyna

for direct causes but not for the underlying causes (e.g. change in demand for cropland due to policy
changes or behaviour shifts)herefore the direct LUC approachesan underestimae LUC
emissions allocated to a specific quantity of commod@Bhan et al., 2021)Another limitation of

the direct LUC approach is that the results are highly sensitive to the amortisation period chosen
(Schmidt et al2015), as shown in Chapter 4. In audy of soybeans in Brazil, adopting an indirect
approach increased LUC emissions by more than four times compared to a direct approach as the
area cultivated with soybeans increased rapidly in Brazil (Persson 203). In future, with
enhanced availabty of yearly crop raster maps and an improved understanding of land use change
dynamics(emerging for some South American regipBaumann et al., 2032 accounting for
indirect LUC emissions will likely become more robust and relidilis willhawe the potential to

respond to the needs identified in Chaptar

Furthermore, stakeholders articulated an interest to understand social impacts and unintended
consequences in supply chains (Chapter 2). Therefore, the results of this thesis campdetely
NBalLRyR G2 GKAa yYySSR Ay GSNxa 27F | Fd K
sustainability impacts which are in reality more complex than modelled in Chapter 3 and 4. Most
previous studies have focused only on a single impa&geay in isolation to assess impacts of
agricultural trade such as greenhouse gas emissions Kmgg et al., 2022 biodiversity (e.g.
Marquardt et al.,, 2021; Chaudhary and Brooks, 2018; Lenzen et al.) 2002 water (e.g.
Lathuilliére et al., 2021 The fewstudies attempting to cover multiple metrics did so with a coarse
spatial resolution at the producing country level (see Ziget al., 202D | have responded to this

gap by estimating four different environmental impact categories and identifiedetoffs. For
examplel found thatregions with small LUC emissiaren hawe large soil productivity loss from

water erosion (Chapter 3 and 4). In the broader community, a lot of indicators are available (such
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as more than one hundred for biodiversity a# used to measure progress towards the Aichi
targets Crenna et al., 2090However, many of these indicators are not readierationalizable
for decisioamaking either because the necessary data are not available or they are rot in

framework companis are familiar with such as LCA.

An analysis of social impacts was out of scope of this study but stakeholder interest to understand
social impacts in supply chains is increasing (e.g. Chapter 2), guidelines are emerging for companie
to set social goalAccountability Framework, 2023anhd methods are emerging to quantify social
impacts(Pollok et al., 2021)However, as the review about social life cycle assessments by Pollak
et al. (2021)has pointed out, a lot of more research is still needed to stadide approaches and
better connect them to political targets. Future research should also aim to improve the quality of
data underpinning global social footprints such as modern slavery, forced labour or child labour to

improve the accuracy of nationahd sectoral estimateéShilling, Wiedmann and Malik, 2021)

6.4 Implications of findings for practice

This researchasshown that improvements in spatial granularity can make estimated agricultural
impacts more relevant and robudor decision makingoy reducing uncertainty of estimates.
However, incorporating this detail within commercial LCA software is challenging, lintgting
operationalisation(Hellweg and Mild Canals, 2014)rhe most commonly used LCA software (e.qg.
GaBi and SimaPro) or LCI databases (e.g. Ecoimggitthalse LCIA methods by providing region
specific inventory flow names . soybean production, BRIT) for each regionalized impact
category. Thereforgthis regionalizationapproach limits the number of differeribventory flows

that can be incorporate@atouillard et al., 2018J-or examplgin Ecoinvent, LUC emissions for soy
are available at the ate-level for Brazil but for smaller countries like Argentina or Paraguay only
nationakevel differentiation is availabl@onke et al., 2020)Therefore users of tlesetypes of
software or databases would need to process spatial inventory data or usialbpexplicit
characterization factorfLi et al., 2021 which can be time consuming and requires GIS skills which
is hot common among LCA practitiondkulak et al., 2018)Alternative LCA software has been
developed, which incorporates GIS functibties such as uploading shapefiles with spatially
explicit characterization factors such as openLCA or Brighf®atouillard et al., 2018)While
Brightway is mostly used by researchers, openLCA requires some G(Baldlard et al., 2018)
limiting its uptake by practitionersTherefore, mainstreaming regionalization among the LCA

community could be simplified by aggregating characterization factors to state or country level to
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reduce the number of inventory flows in common softwdtathuillere et al. (2020) suggested to
F33aINBIFGS OKINIOGSNAT FdGA2y FFHOU2NBR o6& ¢SAIKI
YAEQ o6/ {a0d ¢KA& NBaSINOK &aK2gSR GKIFG OF t Odz
(rather than adopting an equal weighg for all municipalities) changes which states are identified

as geographic hotspots. Therefore, guidelines are needed about how characterization factors

should be aggregated from finer to coarser scales.

The CSM could also help to harmonise the varigpatial scalese(g. ecoregions, watersheds,
country boundaries) in LCA into a common administrative unit familiar to practitioagrsguntry

or state) as the diversity of spatial scales in which characterization factors or inventory data are
available was mentioned as hindering progresgegionalisatiorapproaches in practicéMutel et

al., 2019) To facilitate access by practitionewithout GIS capability or softwarefister,
Oberschelp and Sonderegg@020)created aspecificspatial layer This layeincludes all spatial
entities relevant in LCA(g.ecoregions, watersheds, country boundaries, major cities) in a format
accessiblewith Google Earth. However, while Google Earth allows to visualize spatial data,

manipulation of these data ishallenging for practitioners with limited coding skills

wStALofS SadAyYrdisSa 2F O2YY2RAG& LINE R dubdiifdr2 y Q3
sub-national heterogeneity. This research has shown that while indicators and spatial data are
available at global level, converting these data into useful information about spagigilicit
impacts requirespecificskills For example cruciakillsarespatial data analyses with a Geographic
Information System (e.g., ArcGIS or Google Earth Engine) and coding language such as R to proce
theselarge data sets. However, many LCA practitioners do not have thesglskidik et al., 2018)
limiting the uptake ofregionalizationapproaches within the LCA community. Therefors, aa
response to the need for a more uskiendly solution for practitioners to estimate spatially
resolved agricultural impacts, a wébl & SR LJ | 0 T 2 Nhas Beéndeged@ea by LtAdA v
consultancy QuantigFrischknecht et al., 2019¥%eoFootprint combines spatial mapsd. land

cover, cropping areas, soil types) with developed environmental LCA indicators to process spatial
data, estimate and visualize environmentalpacts of agricultural production at global scale
(Frischknecht et al., 2019 owever, as GeoFootprint requires purchase of a license, access of this
information is restricted to few actors within global supply chains. Limitiegessabout
sustainabilityknowledgeto a fewsupply chairactorscan be a barrier to effective sustainability
governancgAbson et al., 2017)Another limitation of the GeoFootprint platform is that some of

the underlying data is outdated with for example crepecific yield and hraested area maps from
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2000 (based oRRamankutty et al., 2008Although uploading of additional data is possible, finding
reliable alternative timely data requires tim&herefore, this reducdabe potentialrelevance of the
information providedas timelness of information was identified as a stakeholder need in Chapter
2. Consequently, efforts might be rather directed towards developing a public platform bringing
multiple types of ugo-date and relevant information together. Fimstance this could béuilding

on some characteristics ofoudbased spatial data analyses platforalowingto easily share large
spatial data with users having limited computing capacity or GIS capaBiigynples of these are
Google Earth Engin&GE, 2022 NJ a A ONR & 2 F (i Qa (Midfoboff, 3022) Nieref@e Y LJdz
cloudbased data collection, storage and computing allow the distribution of spatlatyiled
information to a much wider group of potential users who have been previously limited in data
storage capacity, computing power or spatial data analysis capalbilifuture, to help mainstream

the use of spatialkgdetailed information on supply chains impacts to decigioaking, & open
access platformmight beneeded which brings together variogpatial data and converts it into

indicators practitioners are familiar with.

6.5 Implications for policy

Policies aiming to tackle global environmental problems caused by trade in agricultural
commodities need to consider multiple environmental impactgeiter rather than in isolation.
Whilea lot ofresearch still needs to be done to consider all relevant dimensions of sustainability, |
have started this by showing thalthoughsoyinduced land use change emissions are largest in
tropical forests, impas on biodiversity and soil productivity loss, can be larger outside of these
regions. Especialfpr land use, tradeffs are common and focusing on a single goal (e.g., climate
change mitigation) will most likely negatively affect other benefits of I@nd., food production,
species conservation, water provisiof}leyfroidt et al., 2022) Therefore efforts to mitigate
climate change should explicitly account for other benefits of land such as biodiversity
conservation, water provision or food secur{goysen et al., 2017While the need to consider
interactions between different goals was highlighted at a global level through the Sustainable
Development Goals (SDG) in 2QMsIsson et al., 2018)here is limited evidence that this has
changed the ddgn of national and international policiéBiermann et al., 2022 his reflects what

| found amongst private sector actors, where a lot of 4ngers focus on tackling a single issue
such as climate change or tropical deforestation without simultaneogsiysidering other
environmental impacts of agricultural production. Gardner et(2019)explain this with the fact

that people perceive as important what is visible to them. Therefibr@increased transparency in

global commodity supply chains riskgeofocusing on visible aspects such as few indicators or
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geographiegGardner et al., 2019 his thesis has illustrated that data and indicators are available

to extend the visibility for a) ecosystem conversion beyond tropical deforestation such axf loss
other nonforest ecosystems, b) environmental impacts beybhtfemissions such as biodiversity,
water scarcity and soil productivity loss and c) biomes and countries beyond Brazil and the Amazon
to, for example, Argentinian and the Pampames(EU, 2@2). While this thesis can be considered

a step towards a more holistic assessment of the sustainability of trade in agricultural commaodities,
understanding all relevant tradeffs and cebenefits arising in this complex system and knowing
how to best mange them across scales (e.g. highlightedKoricka et al., 2022will remain a

challenge.

For international trade policies to be more holistic by incorporating multiple dimensions of
sustainabilitymore political dialogue is needed between different astalong the supply chain to
agree on common goals of natural resource use and definitions outlined in environmental policies
(e.g. tropical deforestation). This problem is illustrated by the large difference iimdaged land

use change emissions fouimd my research when using national, compared to global, land cover
definitions and maps. To dateariousRSFTA YA GA 2y a 2 F-offlRtBstiarNaad G | G
conversion or included commodities exist betwedlifferent policies.Stakeholders havilentified

this conflict in interest between different actors along the supply chain as a perceived barrier
towards progress of sustainability in supply chdsee Chapter 2 European endbuyers of South
American soybeans felt unable to demand of prodgagovernments more ambitious sustainability
efforts than what is legal in their own countries. This is also illustrated for example in the
negotiations of the trade agreement between Mercosur countries (Argentina, Brazil, Paraguay and
Urugay) and the Eugean Union. Brazil successfully pushed for a lowering of the sustainability
standards(Newig et al., 202005 a dzf GAy 3 Ay F+y | IANBSYSylG O2yaa
according to scientist¢Kehoe et al., 2020)These conflicting interests ledd incoherence in
policies which was identified as a major challenge for the governance of global supply chain
sustainability(Newig et al., 2020)This policy incoherence can be either between different scales
(e.g. state, national and global such as YNerld Trade Organization), or between consuming and
producing countrie¢Cotta et al., 2022)Therefore, there should be more dialogue and negotiations
0SisSSy OU2NR |f2y3 3Aft206lFt adzdi e OKIFIAya G2
and agree on definitions of terms used in policies and agreements. This would then also help
scientists to producenformationthat is consistent with theiserneeds and better able to support

policy and monitor progress towards targets.
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6.6 Conclusions

Thisthesis set out to understand opportunities to build on sudtional supply chain mapping data

to support distant buyers of agricultural commoditieswith complex supply chaingabout
environmental sustainabilitinformationin producing regions. Drawing fropmiorities identified in
semistructured interviews about the requirements of stakeholders, | usedraitonal trade flow

data, spatial data analyses and Life Cycle Assessment principles to estimate how the land and wate!
used to produce agricultural camodities impacts LUC emissions, biodiversity damage, water
scarcity and soil productivity loss at fine spatial scales. To respond to stakeholder needs | quantified
the variability in those four impact categories in a consistent manner across thpredydng
countries of Brazil, Argentina and Paraguay in 2017. Results show a high spatial heterogeneity for
all studied impact categories highlighting the need for traceability to municipality for robust impact
assessments. Further findings show that geograbbispots of LUC emissiohave limitedoverlap

with other studied environmental hotspots. For instance, while hotspots of LUC emissions are
mostly located in the north and northeast of Brazil (Amazon and Cerrado), soil productivity loss and
biodiversity dmageare highest in southern Brazil whereas most regions highest in water scarcity
are in Argentina. These differences between producing regions also affect which export countries
KFrgS GKS fFNBSaid ¥F220LINR Y i-aatioRadlz8urcing2pattRrisF Th&&NS v (
findings illustrate the need to consider multiple dimensions of sustainability in corporate sourcing
strategies and international trade agreements to identify and manage toifte Additional
research reveals that results were séive to methodological (e.g. land use change amortisation
period) and data choices illustrating the need for additional consefisdsg by researchers and
practitioners to allow enhanced comparison between reported estimak@sding consensus will
provide more accurate footprints overall, and avoid confusioh decisionmakers or NGO
representatives Finally, incorporating subational supply chain mapping into predictive land use
change models, improgghe information provided from these models on wieefuture land use
change pressures will increase most, with potential implications foptiwitisation of efforts to

protect natural land in discrete geographies or biomes.

In sum, this research makes a concrete contribution to improtingocornl77lizedl77on within

Life Gycle assessment and footprinting techniques, and to reduce existing uncertainties in estimates
of land use and land use change impacts on greenhouse gas emidsimdisersity and other
ecosystem services such as soil productivity loss. It provides a platform for ongoing research that
can continue to improve thé&nowledge about the consequences iofernational trade in agr

commodities on global sustainabilityhis hasmplications for policy and practice linked to forest
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risk commodities such as soyuture research should also seek to incorporate additional
dimensions of sustainability so that traddfs with social and economic aspects impacted by trade

can bealso identified and managed.
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Supplementary Information

S.1 Supplementary Information Chapter 2

S.1.1Research Ethics

Ethical approval has been received at the"2f June 2019 by the Ethics Committee of the
Environment and Geography Departmeanfirmed through email by Dr Matthew Cotton.
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S.1.2Consent form

Consent form for participants

This form is for you to state whether or not you agree to take part in the $tuliease read and
answer every question. If there is anything you do not understand, or if you want more
information, please ask the researcher Carina Mueller (cmm563@york.ac.uk).

Have you read and understood the information leaflet about the  Yes/E No /A&
study?

Have you had an opportunity to ask questions about the study ani Yes/E No A&
have these been answered satisfactorily?

Do you understand that the information you provide will be held in

confidence by the research team, and your naméentifying Yes/E No A&
information about you will not be mentioned in any publication

unless we receive written permission to the contrary?

Do you understand that you may withdraw from the study at any

time before the end of the data collection sessiwithout giving any Yes/AE No/ZE
reason, and that in such a case all your data will be destroyed?

Do you understand that the information you provide may be kept Yes/E No /&
after the duration of the current project, to be used in future

research on language?

Do you agree to take part in the study? Yes’/E No A&

If yes, do you agree to your interws being audio recorded¥ ou Yes’/E No A&
may take part in the study without agreeing to this).

Wouldyouf A1 S (G2 NBOSAGS TFdzNII KSNJ jYes’E No&E
findings and outcomes?

Your name (in BLO@Kters):

Your signature:

LYGSNIBASESNDE yIEYSY [/ INAYF adStt SNYULYwoyyyy

Date:

2 This research and the methods employed have received ethical approval from the Environment and
DS23IN) K& 5SLINLIYSyGtQa 90GKAOA /2YYAGGSS 2F GKS |y
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S.1.3Pre read material for interviews and interview questions

Information for Interviewees

Interactions in globalised supply chains: Linklaghand for agricultural commodities to

international ewvironmental sustainability

This is a thregrear PhD projecby Carina Muellercnm563@york.ac.gksupervised by Dr Chris

West (Department of Environment and Geography, University of Y&igf Bob Doherty
(Department of Management, University of Yoakld Karen Ellis froM/WF. Theroject started in
October 2018 ad is funded by the Economic and Social Research C@aS8&Idyoctoral Training

Partnership.

What is this research abowind why is it importan®

Globalisation of tradéascreated highly complex supply chains where the locations of agricultural
produdion are often far upstream in the supply chaamd outside of the direct control of
manufacturing or retail companies. This distance and complexi®ymaking it challenging to
understand the environmental effects and riskfsagricultural productionincreasing demand for
agricultural commaodities is driving thexpansion of agriculture into tropical forests and other

ecosystems.

Knowing exactly where a company is sourcing a commodity from, and the potential environmental
risks and impacts associated withese, is currently often impossible, but new techniques are
becoming available that will increasingly give companies this information, while at the same time
there is growing interest of consumers to understand the environmental effects of their choices.
Novel data and approaches on supply chain transparency and traceabitilyined with satellite
derived landuse maps allowan improved understanding othe consequencesf innovation and
sourcing decisionsn ecosystems in the supply chain.particular this new information allows us

to link international trade to local regions of production where environmental impacts and risks
manifest.Developing an understanding of environmental risk across multiple dimensions is needed
to fully understand the congpiences of changes to supply chains and the potentiairéate-offs

and unintended consequences on othmmponents of the natural environmenHowever even

when such information is available, it is not yet clear how it can best be used in company decision

making. Developing enore holistic understandingf these issues is the focus of this research
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programme, that wilincorporaie and test a range afidicatorssuch as those linked reenhouse

gas emissions, wateesources biodiversityand soil quality.

To ensure the methodologieand indicators developed in this PhD programare useful for
business decisiemakingwe will be conducting a serie$iaterviews with industry representatives
with the aim to understand the needs, priorities, challenges and opportunities of different
organisationdn the quantification ofenvironmental risk and impacts in globalised supply chains

driven by demand on agultural commodities.
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Figure S1.1. Screenshot of Trase todhcluded in preread material for interviewees. Map of the
geographical distribution of production linked through differeaporters and importers to countries like
China and the Netherland$ere as example soy in Brazil). This research aims to connect places of local
production to environmental effects such as carbon, water and soils in the context of globalised agricultural

supply chains.

What will participation involve?

Based on your valuable expert knowlediéed tothis topic, you have been selected to contribute
to this research project. If you would like to participateour researchthis would involve an
interview taking aroun@0to 60 minutes. During the interview you will be asked questions related
to your arganisation and its approach to considbe environmental sustainability of agricultural

commodities. During the interview you can refuse to respond to any question. The interview can
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take place at the time and place of your convenience, such as at ¥fice,ca public place or a
telephone or video call. If you are comfortable withvie would preferto record the interview to
ensure everything you mention is captured correctly. Otherwise, if you prefer no audio recording,
thel83oconl83her will take notesduring the interview. The interviews will be carried out by
Carina Mueller, #hD studenat the Stockholm Environment Institute at YoFRkrior to starting her

PhD Carina has been working as an Environmental Sustainability Scientist for a consumer good:
company contributing to the development and application of methodologies to provide better
evidence of the longerm environmental sustainability for business decisioaking After the
research has been completed, you will have access to research outptiysqedully based on your
interview transcripts. If relevant, you will be invited to workshops, public seminars or other events
where the outcomes of this research will be presentéglou are interested to participate in further

follow-up research suchs a case study, this would also be possible.

How will anonymity be maintained?

All participants of interviews witemain anonymous unless we receive written confirmation to the
contrary. We will also ask you to confirm whether or not you would likeeimain anonymous at

the start of the interview.All information shared by the participant such as email address or
alternative address for correspondence (e.g. to check transcripts or share research outputs) will be
stored by the researchén accordancevith the General Data Protection Act (2018). However, after
you have confirmed that the interview transcripts are accurate, the transcripts will be anonymised.
In case of using a quote from your interview in the research outputs, a generic descriptibe will
used (e.g. Retail industry representative 3hless we receive written permission to the contrary,
any information that would allow to identify you (e.g. combinations of employer, job title and work

place location) will be deleted from the transcript.

How long will the interview data be stored?

The aim is to store the anonymised and transcribed data together with the related consent forms
for at least ten years after the project has finished (September 2021) in case the data are deemed
useful for fuure research and publications. This is in line with the University of York guidelines.
However, every two years the usefulness of the stored data would be revisited endsidered

no longer needed, the data would be destroyed.
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What are the benefits ofaking part?*

As an interviewee, you will receive early and priority access to outcomes of this researchf and
interested ¢ an opportunity to have research outcomes presented to you and colleagues. Your
contributions are intended to inform theesearch community in industry requirements and gaps in
research that will improve interpretability and operability of potential impact and risk metrics and
analysis, and the work of future research linked to the research team and the wider research
commurity. This research makes a wider contribution to the development of supply chain decision
support tools such as that of the Trase programme, which is supporting efforts to reduce
deforestation and other ecosystenisks in agricultural supply chaingdditionally, it is our
intention to seek case studies to apply methods and act as pilots for the use of this information in
decision making in retail and consurrgwods manufacturing settings. After the initial interview, if
you wish, we will invite you to stagngaged and/or become an early adopter within one such case

study.

Is it possible to withdraw the participation? What happens then?

It is possible to withdraw the participation from the study if you would like to do so without any
repercussions. In thisase your transcribed interview would be destroyed and all related
information excluded from the research. However, as the information you will have given could be
cited in written or oral form during the process of this research, such as in publishebt:suaf
scientific journals, it is recommended to notify us of your withdrawal at the latest four months after

the interview took place.

What next?

If you would like to take part in an interview for this reseaichill follow-up by email or telephone

to make arrangements for the interviewo that a suitable date and location can be arranged. Just
before the interview, the aims of the study will be explained to you again and you will have the
chance to ask any questions. After this, you would needgio aiconsent form confirming that you
agree to participate in this research. If you have any further questions before the interview, please

do not hesitate to contact us.
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Table SL.1. Indicative questions of serstructured intervieve and focus group discussions.

=a =

Preinterview checks

Thank you very much for taking the time and agreeing to
share your understanding.
Purpose of interview:

0 Understand motivations of organisations to make
commitments and take actions on global
environmental sustainability.

0 Understand currently used toolmethodologies and
data to understand environmental sustainability in
supply chains.

o 9ELX 2NB I Ol 2NRa LISNEHLIS
to understand environmental sustainability in
traceable/transparent supply chains.

Length: 3860 minutes

Check that partipant has read the information sheet and
signed the consent form.

Check if participant is happy for the interview to be
recorded.

Check if participant has any questions before we start the
interview.

Check if participant or his organisation wolileé to stay
anonymous.

Warm-up phase

Identify a unique identifieg ask for initials and favourite
number

What is your background and what is your current role in
organisation?

How many years have you already been working for this
company and in this role?

Definitions/Language

Which terms or frameworks do you use in your organisati
most frequently to talk about global environmental
sustainability? Could you explain why and discuss?
What is your understanding of the term Natural Capital as
used in your organisation?
Motivation

Timing
2 minutes

5 minutes

10 minutes

What are the factors that motivate your organisations to
make commitments and take actions that affect your
agricultural supply chain? Whichctors, if any, are holding
you back?

Concerns
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1

2 KFG FNB @2dzNJ 2NBFYyAal A2,y
long-term environmental sustainability/Natural Capital in
your supply chains?

5 minutes

Opportunities

What are the opportunities for your organisation to take

action and improve thenvironmental sustainability within
your supply chain?

Do you think these have changed over time? And if yes,
why?

5 minutes

Actions

Which actions or decisions are you planning to take to me
your commitments or tackle the concerns?

Is it aboutchanging the current system or preparing your
business for the future?

5 minutes

=a =

. Wrap-up

Current use of information

Which methodologies, tools and data are you currently us
to understand the environmental sustainability in your
globalised supplghains?

How do you measure progress towards your commitment
Which data are you using for this? Are you engaging with
your suppliers to get better data? What is the spatial
resolution at the environmental risk/impact side?

Which metrics or indicators argu currently using?

Are you more interested in understanding risks or potenti
impacts? And why?

Future needs on information

How could these tools incorporating supply chain risks an
potential impacts be made more relevant aagplicable to
inform (strategic) decisions in your organisation?
Which indicators or metrics are missing from your
perspective?

What would be your criteria to select methods/tools? How
important would it be that they are globally and
consistently availdle across commodities and geographies
What would be an appropriate resolution/scale for you?

5 minutes

10 minutes

From your perspective, is there anything else you would |
to add about how science on environmental sustainability
can be improved to inform your decisions?

I will send you the transcript of your interview shortly so th
you have a chance to doubtdeck if | understood
everything correctly.

Thank you so much for your time again.

Chapter 3

minutes
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S.1.5Themes and codes

Table SlL.2. Overview of themes and codes

Themes

Codes

Motivations

Be seen as leader gustainability

Doing the right thing

Security of supply agricultural commodities in future under scs
resources and climate change

Foreseeing what consuming governments might ask of compani
future

Following what NGOs recommend

Specific sustainability
concerns

Use of different frameworks to identify which sustainability conce
matter (e.g., Natural Capital, planetary boundaries, ecosys
services)

Help wanted from experts what they should care about

Mentioned biodiversity, water, ecosystem conversion, greenho
gas emissions, soils, land use, deforestation.

Type of
actions/decisions

Certification unable to tackle problem for commaodities with comp
supply chains

Improve traceability anttansparency of supply chains

Help needed on which actions will be most effective

Improve farming practices

Jurisdictional/landscape approaches

Collaboration with others to affect change

a2NB WadzadlrAylrofS a2dNOAY3AQ

Unintended
consequences
Limitations of existing
methods/tools

Social impacts

Challenge to understand full system and its consequences
Balancing simplicity with complexity

Balancing global coverage vs local specificity

Would like to consider multipleoncerns together

Lack of good quality data

Lack of data at high spatial resolution

Lack of timely/recent data

Scientists do not agree on indicators leading to confusion

High level of uncertainty for some geographies or indicators

Barriers to
implementation

Complexity of Supply chain as barrier to action

Available traceability and transparency data have a tiage

t SNOSAQGSR LRgSNI G2 | FFSOuU YSI

Lack of ifhouse capacity

False beliefs leading tn-action

Lack of incentives for farmers on ground to change practices

Some solutions too costly such as traceability to farm
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Table S1.3. Range of opinions on the level of appreciated complexity among different types of

stakeholdersas illustrated in selected citations.

Actor type Complexity

Manufacturer | & { 2  |if it dridy 2lifl greenhouse gas calculaticarsd land use change, the
that might be fine for somdut the more that it can do on top of that the bett
LINPOI 0f e e OaHUL

Retailer 4F 6S YIS Al G22 O2YLX SE o ¥rozhiigine
R2y QG RINB (2 R2 lyedKAy3Iod . dzi L
SN} (G2 FOGdzartfte 3I2 Ayid2 FyR I01y2
think that there is a lot of here, there is a lot more need for research gufidé

(R4)

NGO L YSIYy ARSIffe FroazfdziSte 6S g1ty
Al 3ISiha QSNJe 02 YL fxélﬂéﬁe OXB8 P {2
O2YLI yASa Ay GKS NARIKG RANBOGAZY
(NGO4)

Consultant G2 KSy ¢S dzaS DI D NBRdzOGAZ2Y Fa (KS
food system, it leaves us at risk of failing to address other critical aspects ¢
system sustainability. Soil health and biodiversity are key metrics gaps ®)
I OKAS@AYy3I GKS RSAaANBR 2dzi02YS 27
Certifiers GL ¢g2dz R are& dGNB (2 | ddtisRotWoRlthe ®ffbi
a4 GKSNB A& a2BYdzOK dzyOSNIIFAydes
Scientific GL fA1S G2 2217 S isie#lytie ANIBopdcefehat Nenkapl
expert to be much better about recognizing the impacts of food on health AND hi
' b5 ¢FGSNI ! b5 O0OA2RAGSNBAGE ! b5 fI
find that people are unable to understand multiple issuéa G K S A NJ
(Scientific Director, EAT Lancet)
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S.2.1ESACCLand Cover Classification

Table 2.1. Overview of the ESECI Land Cover Clasdesfinitions of the CCl langse (LUrlasses
(UCL Geomatics, 20183 prevalent in countries analysed in this study

ESA.Ucode Definitions of land cover class

10, 11,12 Rainfedcropland

20 Irrigated cropland

30 Mosaiccropland (>5®b)/ natural vegetation (tree, shrub, herbaceous cover) G40
40 Mosaic natural vegetation (tree, shrub, herbaceous cover) ga¥@ropland (<506)
50 Tree cover, broadleaved, evergreen, closed to open ¢¥5

60, 61, 62 Treecover, broadleaved, deciduous, closed to open ()%
70,71,72 Tree cover, needleleaved, evergreen, closed to open ¢)t5

90 Tree cover, mixed leaf type (broadleaved and needleledVed)
100 Mosaic tree and shrub (>3®)/ herbaceous cover (<30f

110 Mosaic herbaceous cover (>%)/ tree and shrub (<5%¥f

120, 121, 122 Shrubland

130 Grassland

150, 151, 152, Sparse vegetation (tree, shrub, herbaceous cover) ¢)15

153

160 Tree cover, flooded, fresh or brakish water

170 Treecover, flooded, saline watér

180 Shrub or herbaceous cover, flooded, fresh/saline/brakish water
190 Urban areas

200, 201, 202 Bare areas

210 Water bodies

acropland classemosaicagriculture classes®mosaictree, shrub and herbaceous cover class¥srest

classes
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S.2.1Land cover change considered as cropland expansion

| excluded conversion to mosaic class 30 (Mosaic croplandfy5tatural vegetation (tree, shrub,
herbaceous cover) (<3®)) and mosaic clas40 (Mosaic natural vegetation (tree, shrub,
herbaceous cover) (>3®)/ cropland (<506)) and only analysed conversion to pixels that were
100% cropland (i.e. classes 10,11, 12 and 20). This follows Eigenbrod et al. (2020) who also exclude
these land coveclasses and considered ESEIland cover class 30 and 40 to be smallholder
agriculture or slash and burn agriculturghe following land cover conversion types were
considered to be attributable to cropland expansion: i) natural lawed ESACLand cover classes

30-210)to croplandandii) the mosaidand (class 30 and 40) to cropland.

S.2.2Carbon stockestimation

Changes in the stocks of carbon natural land(Eqg. 1)which are released to the atmosphere
followingland conversion to soybeamsgreenhouse gas emissiofGHGGHGuc(Eq. 2)Jnt CQ

eqg. hatyriwere calculated as follows (Lam et al. 2021):

Fl =6 Fl& FA- & (Equationd)

110 SRy (Equation)

Where Cag is Aboveground, Gs Belowground andGseithe Soil carbon stocksirf t C ha) in each
soybean harvested pixght time t; APthe amortisation period for annualising LUC emissions and
tocc is theduration of theoccupationprocess(i.e. 1 if singlecropped and 0.5 if doubleropped)
following Lam et al (2021While | assumed that above and belowground carbon is zero after
conversion to soybeans as it is an annual crop (Lam et al. 2021), the loss in soil carbon was calculate
following Esteves et a(2016)who provide soil carbon loss factors depending on the farming

practices and the previous land cover.
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m ForestAGC_max_perBIOME m ForestAGC_quantile_perBIOME m ForestAGC_mean_perBIOME

200

150
100

per hectare)
a1
o

0
AMAZONIA MATA CERRADO CHACO CHACO SECO PAMPA ESPINAL
ATLANTICA HUMEDO
Biome

Aboveground carbon (in tons

Figure S2.1. Comparison of mean for each biome of maximum" 9fuantile and mean
aboveground carbon of each municipwlit

The totalland use change emissioage then estimated for each municipality as @&g.

(Equationb)

Where Aransis the transformed area for each land cover ty@and pixelj over which the land use

change is amortised.€. 20 years in the base case) per soy tonne within each municipality

| assumed carbon density to loensistent across each land cover class within the bidroedate
only emissions from aboveground carbon were considered thahgghcould be expanded to

include belowground (i.e. roots) and soil carbon as well following Escobar et al. (2020).
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Table .2. Aboveground carbon stock values used in tons carbon per hectare (Source: CDIAC Fable Sla

Ecofloristic zones

ESAand use Tropical rainforest Tropical Moist Subtropical humid Tropical Dry
code Deciduous Forest| forest/steppe Forest
Biomes Atlantic Forest, Mato Grosso Dry Humid Chaco Espinal, Humid Pampas| Dry Chaco
Forest, Parana Paraiba Interior Fores Araucaria Forest
50,60, 70, Tree cover >1506 Forest 193 128 128 126
80, 160, 170
30 Mosaic cropland (>5%)/ Mosaic of | 96.5 64 64 63
natural vegetation (tree, Agriculture
shrub, herbaceous cover)
(<50%)
40 Mosaicnatural vegetation
(tree, shrub, herbaceous
cover) (>50%)/ cropland
(<50%)
100 Mosaic tree and shrub Mosaic of | 96.5 64 64 63
(>50%)/ herbaceous cover | Natural
(<50%) Land
110 Mosaic herbaceous cover
(>50%)/ tree and shrub
(<50%)
120, Shrubland Shrubland | 53 53 50 53
121,122
130 Grassland Grassland | 8 8 8 4
190 Urban areas Rest 4 44 44 4
200, 201, Bare areas
202
210 Water bodies

onewloju| Arejuswsalddng

rlewdeyd s
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per pixel) per pixel) per pixel)

Figure .2. Area single, double or tripleropped in hectare per pixel with any crop 192@02.

S.2.3Biodiversity Characterization Factors
Occupation impactJl) can bederived as:

Fhe  =Hes 4 PR, (Equatione)

Where Aocc is the occupied areatoccthe duration of the occupation processnd Chkcc the
Characterization Factor for occupation for each land lused ecoregiorr (Koellner et al2012).

Transformation impactsi() areestimatedfollowing

Y()oﬁO I300

>5¢

T Tetw FHAes Yhe HAs (Equation?)

with the transformed are@ransand the timeteqgan ecosystem requires to regnerate tothe quality

of the pristine habitatafter a disturbance (Koellner el.2012). Thetotal Biodiversity Damage
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Potential (BDR:) of land use can then be calculated as the sum of the transformation infpiact

and the occupation impa¢Ol) over all land use typdsaandecoregionsk (Koellner and Scholz 2007)

I <845 dira B Forg

(Equation8)

S.2.4Biodiversity Characterization Factors per Biome

Table S2.3. Overview of Charaetization Factors used (Source: Chaudhary and Brooks, 2018

names of ecoregion@&co)from The Nature Conservancy

eco_code| TRASE_BIQ CHAUDHARY_ECORE({ CF_Occ_Int_crop| CF_Trans_Int_croy
MENAME [ NNAME

NTO704 | BR BRCERRADO 1.10E13 6.92E12
CERRADO

NT0708 | ARCHACO | ARHUMID CHACO 1.04E13 6.57E12
HUMEDO

NT0210 | ARCHACO | ARCHACO 1.00E13 6.41E12
SECO

NT0801 | ARESPINAL ARARGENTINE ESPINA 6.30E14 8.90E12

NTO0150 | P¥MATA P¥ALTO PARAN 3.88E13 3.31E11
ATLANTICA| ATLANTIC FOREST

NT0803 | ARPAMPA | ARHUMID PAMPAS 7.91E14 1.12E11

NT0804 | BRPAMPA | BRHUMID PAMPAS 7.91E14 1.12E11

NTO704 | BR BRCERRADO 1.41E13 9.12E12
AMAZONIA

NT0212 | BR BRCHIQUITANO DH 1.75E13 1.58E11
AMAZONIA| FORESTS

NT0135 | BR BRMADEIRATAPAJOS | 1.98E13 1.70E11
AMAZONIA| MOST FOREST

NT0140 | BR BRMATO GROSS 1.07E13 9.12E12
AMAZONIA| SEASONAL FOREST

NT0170 | BR BRTOCANTINS/PINDAHF 1.64E13 1.40E11
AMAZONIA| MOIST FOREST

NT0202 | BRMATA BRALTO PARAN 1.99E13 1.78E11
ATLANTICA ATLANTIC FOREST

NT0101 | BRMATA BRARAUCARIA  MOI{ 4.89E13 4,14E11
ATLANTICA FOREST

NTO704 | BRMATA BRCERRADO 1.41E13 9.12E12
ATLANTICA

NT0710 | BRMATA BRURUGUAYAN 1.48E13 9.35E12
ATLANTICA SAVANNA
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Figure 2.3: Characterization Factors for Global Species Loss

S.2.5Calculation of Biodiversity Damage Potential

Thetotal Biodiversity Damage Potential (BE4) of land use can be calculated as the sum of the
transformation impac{(T]) and the occupation impagOl) over all land use typesand ecoregions
k (Koellner and Scholz 2007)

600 B'YO o . B(OO. (5)

h h
Transformation impactsT() areestimatedfollowing

YO o = (0] A 00 R

h

- 0 . ('5"05ﬁ 0 . 0 ; (6)

with the transformed are#r.ansand the timet,egan ecosystem requires to reznerate tothe quality

of the pristine habitatafter a disturbance (Koellner et £012.
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40

20

Figure 2.4. AWARE Water Scarcity Indicator for agricultural use for each watershed in Argentina,
Brazil and Paraguay (data from Boulay et al. 2018) ranging for this case study between 0.2 (green)
and 21.0 (red) m3 world eq.
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S.2.6Additional esults

The difference in sourcing patterns affected which environmental impact wgsdafor each

consuming country.

Table .4. Share of area converted from natural land to soybean harvested area in 2017

Producing Country | BIOME Share Convertedh past 20 years
Brazil AMAZONIA 65.5%

Brazil PAMPA 26.5%

Brazil CERRADO 20.0%

Brazil MATA ATLANTICA 15.6%

Argentina CHACO SECO 42.0%

Argentina CHACO HUMEDO| 33.1%

Argentina ESPINAL 8.4%

Argentina PAMPA 7.2%

t NERdzOAYy 3 O2dzy iNEQa O0A2RAOGSNEAGE AYLI OGa 4SI
(Figure 2.5). Countries with large potential biodiversity damage per unit of soy import are France
(14.03x 10 PDF tonng), Brazil 14.27x 10 PDF tonn&) and South Korea 219 x 10%° PDF
tonne 1) whereas the smallest impacts on biodiversity had Indone&sgdi 10*° PDF tonn@g),
Vietnam 6.17x 10! PDF tonng&) and Egypt3.89x 10! PDF tonn@&) (Figure 3.8). The lattehad

less than half of the impacts of the country with the largegpamts.

Linking producing regions to importers, the five largest soil erosion CFs among the 15 largest soy
consumers in 2017, are determined for Brazi24® tonne'), South Korea (20 % tonne!), France
(0.18% tonnet), China (A.7 % tonne') andNetherlands (A5 % tonne!) (Figure 3.7 Brazil the

second largest soybean consumer, has a CF almost ten times higher than the smallest CF of the
countries | consideredfor Egypt. For Brazil, 8 of embedded soil erosion impacts associated

with three states: Goias, Parana and Rio Grande do Sul.
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ARAUCARIA MOIST FOREST CERRADO HUMID CHACO MATO GROSSO TROPICAL DRY FORESTS . URUGUAYAN SAVANNA
ECOREGION ARGENTINE ESPINAL CHACO HUMID PAMPAS PARANA-PARAIBA INTERIOR FORESTS
ATLANTIC FORESTS CHIQUITANO DRY FORESTS MADEIRA-TAPAJOS MOST FOREST TOCANTINS-ARAGUAIA-MARANHAO MOIST FORESTS
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Figure 2.5: The total import quantities of soybeans including derivatives such as cake and oil (a).
Ecoregion origin of major soybean importers frongéntina (AR), Paraguay (PY) and Brazil (BR) (b).
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Figure 2.6. Proportional cumulative land use change emissions per soy tonBeazilfor a) all

consuming countries together, b) only Vietnam acidonly SpainThe colows illustrate the
contributing share to the overall land use change emissions.

199



Supplementary Information 9 Chapter 3

Table 22.5. Comparison of LUC emissions aggregated from municipality to state by using the soy
commadity mix compared tequal weighting of each municipality

COUNTRY | STATE_ID LUC emissions in LUC emissions in tonne
tonne per tonne per tonne [Non
[Commodity Commaodity weighted]
weighted]
BRAZIL BRPARA 3.53 2.90
BRAZIL BRRONDONIA 2.58 2.69
BRAZIL BRPIAUI 2.07 2.51
ARGENTINA| ARSALTA 1.81 1.70
BRAZIL BRMATO GROSSO 1.79 1.12
BRAZIL BRMARANHAO 1.68 2.18
BRAZIL BRTOCANTINS 1.59 1.81
PARAGUAY | PYXCAAZAPA 1.19 1.18
ARGENTINA[ ARCHACO 1.15 0.99
PARAGUAY | P¥ITAPUA 0.96 0.94
PARAGUAY | P¥CAAGUAZU 0.85 0.92
PARAGUAY | PYCANINDEYU 0.83 0.77
BRAZIL BRSANTA CATARINA 0.80 0.87
BRAZIL BRBAHIA 0.77 0.61
ARGENTINA[ ARENTRE RIOS 0.74 0.87
ARGENTINA|[ ARSANTIAGO DE 0.74 0.96
ESTERO
PARAGUAY | PYALTO PARANA 0.71 0.63
PARAGUAY | PYSANPEDRO 0.68 0.67
BRAZIL BRRIO GRANDE DO S 0.37 0.53
BRAZIL BRPARANA 0.34 0.21
BRAZIL BRMATO GROSSO [ 0.32 0.17
SUL
ARGENTINA| ARBUENOS AIRES 0.24 0.15
BRAZIL BRSAO PAULO 0.19 0.11
BRAZIL BRMINAS GERAIS 0.12 0.08
BRAZIL BRGOIAS 0.11 0.06
ARGENTINA| ARLA PAMPA 0.10 0.10
ARGENTINA| ARSANTA FE 0.06 0.06
ARGENTINA| ARCORDOBA 0.02 0.02
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S.3 Supplementary Information Chaptér

S.3.1Carbon stocks

Table S3.1. Carbon stocks iforestland coveraggregated for each studied biome and producing
country (estimatedfrom Santori et al 2021 dataset)

Producing Countr | BIOME Carbon stocks in ton pe
hectare
Brazil Amazon 105.0
Brazil Cerrado 47.8
Brazil Mata Atlantica 45.7
Paraguay Mata Atlantica 44.4
Brazil Pampa 38
Argentina Chaco Seco 36.7
Argentina Humid Chaco 31.3
Argentina Espinal 24.3
Argentina Pampa 23.9

Table S3.2. Alternative datasources used for abovend belowground carbon (ABG@purce:
Ruesch and Gibbs, 2008)

FAO Ecofloristic Zone Land Covef€lass| ABGQton per ha)
Tropical rainforest Forest 193
Tropical moist deciduous foreg Forest 128
Subtropical humid forest Forest 128
Tropical dry forest Forest 126

S.3.2Supplementary Results
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Fgure S3.1: Sensitivity to different amortisation time periods: 20 years (1:2986) a), 10 years (20®16) b) and 5 years (202D16) c) affecting land
transformation (life cycle inventory) of the soy producing biomes in countries 1)2 asmsoyeq; and resultig potential land use changamissions?), as
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S.3.3Landconversiors aggregated pdsome

Table S3.3. Comparison of share converted from Natural Lécldsses 5@10)for each biome in
Brazil(BR), Argentina (AR) and Paraguay (PY) (Source: output of Google Earth Engine overlaying E:
CCI land cover with soybean raster fr@8ong et al., 202})

Share Natural Land before soybean sowing in %

Biome 20 years before 10 years 5 years before
BRAMAZONIA 65.5 29.3 26.9
BRPAMPA 26.5 25.8 255
BRCERRADO 20.0 13.3 121
BRMATA ATLANTICA | 15.6 13.9 13.9
ARCHACO SECO 18.9 18.9 15.3
ARCHACO HUMEDO | 15.2 15.2 14.2
ARESPINAL 5.8 5.8 54
ARPAMPA 6.0 6.0 5.9
PY-MATA ATLANTICA | 33.1 25.3 24.2
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Figure S3.2: Soil productivity loss due to water erosion depending on tillage practice for one tonne

of soybean produced in 2017. Error bars illustrate the uncertainty in the conversion of soil erosion
to productivity loss. Country names were abbreviated with BR zilB®AR = Argentina, PY =
Paraguay. States are ordered within each country by decreasing land conversion area over 20 years
allocation excluding Mosaic of agriculture land cover type.
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a) Escobar et al. (2020) b) This chapter
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Figure 8.3: Greenlouse gas emissions from LUC of Brazilian soy at the level of states and country
in related studies using a Life Cycle Assessment approach (a) and results compared from this
Chapterusing a five year amortisation period (b). Variability in Escobar eC&0)j2&nd this chapter

is the range of municipalithevel LU@missiondor each state within Brazil.
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Figure $8.4: Comparison of seinducedLUC=missions for the EU depending on different sensitivity
choices. Each bar illustrates the proportion of the totAJCemissions related to soybean
production of each state within the three producing countries Brazil (BR), Argentina (AR) and
Paraguay (PY).
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Figure .5: Comparison obiodiversity damage of soybean consumptfonthe EU depending on
different sensitivity choices. Each bar illustrates the proportion of the toiadliversity damage
related to soybean production of each state within the three producing countries Brazil (BR),
Argentina (AR) and Paraguay (PY).
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