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Summary

Summary

Forests are indispensable assets for mitigating climate change, protecting biodiversity and 
reducing poverty. While this has been widely recognized, vast swathes of forests are cleared 
each year, predominantly to make space for agricultural land. Since the 1980s, agricultural 
expansion into forest areas has been increasingly linked to international supply chains, 
especially of agricultural commodities such as beef, palm oil, soy, and timber. In response 
to the ongoing rates of forest loss, a large number of companies involved in the production, 
processing or distribution of deforestation-risk commodities publicly pledged to eliminate 
deforestation from their supply chains in the early 2010s.

Although these so-called Zero-Deforestation Commitments (ZDCs) have received ample 
scholarly attention, there are still large uncertainties as to how effective they have been up 
until now and how effective they could be if their uptake was increased. This is partly due 
to methodological challenges for assessing their effectiveness given the wide variation in 
specificity and adoption rates across industries, regions, and timescales. Moreover, it is 
conceivable that their implementation will trigger a range of unintended or unanticipated 
spillover effects, such as increased nature loss in areas that fall beyond the scope of ZDCs. 
Given such complexities, a variety of methodological approaches is needed to assess their 
effectiveness across space and time.

The overarching objective of this thesis is to investigate what insights can be gained 
from applying different approaches to assess the effectiveness of ZDCs and the degree of 
complementarity between these different approaches. In doing so, special attention will be 
paid to three distinct methodological approaches that hold great promise for advancing 
assessments of ZDC effectiveness: geospatial analysis, quasi-experimental designs for 
causal inference, and simulation modelling. While none of the three approaches is by itself 
sufficiently flexible to be applied in all types of ZDC assessments, they may – when combined 
– act in synergistic ways, thereby uncovering non-trivial insights on ZDCs effectiveness that 
cannot be derived from one of these approaches in isolation. By applying these three 
different methodological approaches across the thesis with each chapter predominantly 
relying on a single approach, the following four sub-questions will be addressed:

•	 How can geospatial analysis be leveraged to advance assessments (ex-post or ex-ante) 
of ZDCs?

•	 How do the insights from quasi-experimental assessments of the effectiveness of ZDCs 
differ from ex-ante simulation modelling assessments?

•	 What is the degree of complementarity between the different approaches?
•	 What do the different approaches tell us about the (potential) effectiveness of ZDCs?
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Chapter 2 takes stock of the different definitions and criteria articulated in ZDCs and 
maps the potential coverage of ZDCs through geospatial analysis. Many ZDCs state 
that the protection of High Conservation Value Forests (HCVFs) and High Carbon Stock 
Forests (HCSFs) needs to be prioritized. However, the methodologies for identifying such 
forests were developed for local, case-by-case application as they require extensive field 
assessments and access to high-resolution remotely sensed datasets. In the absence of a 
clear methodology for delineating HCVFs and HCSFs at the global scale, Chapter 2 tries 
to fill this gap by putting forward a methodology for mapping the likely spatial distribution 
of both forests across the globe, thereby drawing on the official criteria articulated in the 
official HCVF and HCSF guidelines. In addition, it examines the risk that protecting HCVFs 
and HCSFs may displace deforestation to forests outside the scope of ZDCs. Overall, 
the chapter demonstrates the importance of geospatial analysis in any type of empirical 
research on ZDCs.

Chapter 3 builds on Chapter 2 by zeroing in on the local spillover effects (positive or 
negative) that may have occurred in the wake of a specific anti-deforestation policy: the 
Indonesian forest moratorium, enacted in 2011. To estimate how much deforestation may 
have been displaced or avoided near the official moratorium areas, one needs to construct 
a counterfactual scenario of what would have happened in the absence of the moratorium. 
Capitalizing on recent methodological developments in quasi-experimental research, the 
chapter provides a first-of-its-kind analysis and finds strong evidence that the enactment of 
the moratorium caused an uptick in deforestation near the official moratorium boundaries. 
In doing so, the chapter highlights the importance of accounting for spillover effects when 
assessing land-based anti-deforestation policies and the power of quasi-experimental 
techniques for uncovering causal relationships in the face of myriad confounding factors.

Chapter 4 takes a deep dive into the role that sourcing patterns of individual traders in 
Brazil’s soy supply chain may play in the adoption and implementation of ZDCs. Similar 
to Chapter 3, state-of-the-art quasi-experimental methods are employed to infer a potential 
causal relationship, in this case between the degree of sourcing persistence in individual 
supply chains (i.e., stickiness) and the probability of adopting a ZDCs. Furthermore, the 
chapter examines whether stickier traders with ZDCs are more likely to successfully implement 
a ZDC compared to less sticky traders. The results show that although stickier traders are 
more likely to adopt ZDCs, they also appear to have less effective ZDCs than other traders 
(as indicated by the level of soy and territorial deforestation in their sourcing regions). 
While this does not necessarily mean that supply chain stickiness inevitably undermines the 
implementation of ZDCs, the chapter provides a first step towards a better understanding 
of how supply chain relationships may influence deforestation outcomes.

Chapter 5 builds on the previous chapters by providing an ex-ante hypothetical 
modelling experiment on how the worldwide implementation ZDCs could potentially affect 
the expansion of oil palm and other crops up until 2030, thereby accounting for potential 
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spillover effects. In doing so, it leverages the maps presented in Chapter 2 showing the 
potential spatial coverage of ZDCs. The results suggest that under a scenario where ZDCs 
are strictly enforced across industries and regions, they are likely to bring about significant 
land sparing effects and reduce deforestation rates by a significant degree, even in areas 
that fall beyond the scope of ZDCs. This is because a reduction in the supply of land 
available for agricultural expansion is expected to boost land rental rates, thus incentivizing 
producers to intensify production on existing lands. In addition, higher land rental rates will 
translate into higher commodity prices and are expected to substantially reduce consumption 
of palm oil and other deforestation-risk commodities. Such insights are hard to gain from 
geospatial analysis or quasi-experimental assessments alone and highlight the importance 
of ex-ante simulation methods for exploring potential, future outcomes of ZDCs. While it is 
unlikely that the adoption and implementation rate of ZDCs across industries and regions 
will be anywhere near 100 percent in the coming decade, the chapter provides strong 
quantitative evidence that ZDCs hold potential for safeguarding the world’s remaining forests 
if they are to be adopted at scale.

Taken together, the chapters show that none of the methodological approaches applied 
in the thesis – geospatial analysis, quasi-experimental designs for causal inference, and 
simulation modelling – are by themselves sufficiently flexible to assess all aspects of ZDCs 
effectiveness. While quasi-experimental methods are invaluable tools for exploring causal 
relationships over historic time periods, such relationships are often context-dependent 
and only apply to certain periods of time. Simulation models incorporate systems thinking 
and are therefore well-placed to explore future scenarios, but are only as reliable as the 
assumptions upon which they are based, which need to be evaluated through quasi-
experimental evidence. Finally, both quasi-experimental and ex-ante simulation assessments 
would benefit from a deeper integration of geospatial analysis, as it provides the necessary 
level of spatial granularity to explore ZDC effectiveness. The three different methodological 
approaches applied in this thesis are thus highly complementary. When combined, they 
constitute a rigorous portfolio of approaches that enables researchers to assess both the 
actual and potential effectiveness of ZDCs under a wide range of conditions. It is hoped that 
this will help policy makers, companies, and civil society to make more informed decisions 
as to how targets regarding deforestation and other societal targets can be reconciled, 
thereby paving the way towards a more sustainable future.
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Introduction

1.1.	 Background

Over the past 10,000 years, the world has lost one-third of its forests, an area twice the 
size of the United States of America (Dargavel and Williams 2004, Ellis et al 2020b). An 
estimated 420 million ha or 7% of the world’s original forest area has been cleared since 
1990, of which over 90% occurred within the tropical zone (FAO 2020). The increasing loss 
of forests poses significant challenges for climate change mitigation, biodiversity protection 
and poverty reduction (Seymour and Busch 2016, Johnson et al 2020). As an example, 
it is estimated that net emissions from tropical deforestation (after accounting for carbon 
sequestration from growing forests) account for 8% of annual anthropogenic emissions 
(Wolosin and Harris 2018). However, given their potential for sequestering carbon from the 
atmosphere, the potential of forests to mitigate global warming is much larger. It is estimated 
that reductions in both tropical deforestation and conversion of mangroves and wetlands 
could deliver up to 23% of the mitigation needed by 2030 to limit global warming to 2°C 
(Griscom et al 2017).

The last few decades have witnessed a major shift in the dominant drivers of 
deforestation. Up until the 1980s, deforestation was primarily driven by small-scale, state-
supported farmers producing for local markets (Rudel et al 2009). Since then, there has been 
a gradual shift toward large-scale, enterprise-driven deforestation, spurred by augmented 
consumer demand in international markets (Austin et al 2017, Hosonuma et al 2012). While 
most deforestation is still driven by domestic demand for agricultural commodities, it is 
estimated that 26% of all deforestation in the period 2005 – 2013 was driven by exports 
(Pendrill et al 2019). It is expected that the global trade of all major agricultural commodities 
will continue to grow over the next decade, despite a temporary setback caused by the 
effects of the COVID-19 pandemic crisis (Wunder et al 2021).

Concerns about the ongoing rates of forest loss have given rise to a proliferation of 
initiatives to reduce deforestation across public and private sectors. Broadly speaking, 
three different types of such initiatives can be distinguished: 1) domestic public policies, 
often concerned with the establishment of legally protected areas; 2) intergovernmental 
initiatives such as the Reducing Emissions from Deforestation and forest Degradation (REDD+) 
program; and 3) voluntary sustainable supply chain initiatives within the private sector. The 
REDD+ program was launched in the late 2000s to improve on domestic public policies by 
enabling developing countries to receive payments from industrialized countries for verified 
emission reductions from deforestation and forest degradation. Although there have been a 
few cases where REDD+ has been credited for curbing deforestation to a significant extent 
(e.g., Roopsind et al., 2019), the effectiveness of the program has been undermined by the 
international community’s failure to generate financing of sufficient scale to reward action 
to reduce deforestation (Angelsen et al 2017, Seymour and Busch 2016) and overstated 
crediting deforestation baselines (West et al 2020).

1
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In response to the growing recognition of the alarming deforestation rates and the 
challenges underpinning the REDD+ program, a large number of companies involved in the 
production, processing or distribution of deforestation-risk commodities have undertaken 
voluntary sustainable supply chain initiatives to reduce deforestation (Lambin et al 2018). In 
addition to the wide-scale endorsement of certification programmes such as the Roundtable 
of Sustainable Palm Oil (RSPO) or the adoption of collective aspirations to end deforestation, 
such as under the 2014 New York Declaration on Forests, this included individual pledges 
by companies to eliminate or reduce deforestation from their supply chains, often referred 
to as Zero-Deforestation Commitments (ZDCs). Given the growing recognition of the role 
of international supply chains in meeting deforestation targets (Thorlakson et al 2018), the 
zero-deforestation movement gained a lot of traction in the 2010s. Between 2012 and 
2017, the number of companies with ZDCs increased by 250%, resulting in a total of 336 
companies (Haupt et al 2018).

Although ample scholarly attention has been paid to the challenges and opportunities of 
designing and implementing ZDCs (Grabs et al 2021, Garrett et al 2019, Austin et al 2021), 
there are still large uncertainties as to how effective they have been up until now and how 
effective they could be if their uptake was increased. This is partly due to methodological 
challenges for assessing their effectiveness; ZDCs tend to be heterogeneous in terms of 
their specificity and their adoption varies across industries, regions, and timescales (Pirard 
et al 2015). Moreover, it is conceivable that their implementation will trigger a range of 
unintended or unanticipated spillover effects, such as increased nature loss in areas that fall 
beyond the scope of ZDCs (often referred to as leakage or displacement effects; Aukland 
et al., 2003). Given such complexities, a variety of methodological approaches is needed 
to assess their effectiveness across space and time.

1.2.	 Approaches for assessing ZDCs

In what follows, three promising methodological approaches will be discussed that could 
be leveraged to advance assessments of ZDCs. These approaches include geospatial 
analysis, quasi-experimental analysis, and simulation modelling. While this is by no means 
an exhaustive list of the methodological approaches that could be undertaken to assess 
ZDCs, these have been repeatedly applied in the literature to assess the effectiveness of a 
number of related policies and therefore hold great promise for improving future assessments 
of ZDCs.

1.2.1.	 Geospatial analysis

Geospatial analysis refers to all transformations, manipulations and methods that can be 
applied to data referencing a specific geographical area or location (Longley et al 2020). 
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It is key to account for the role of spatial heterogeneity and the linkages between local 
and global phenomena (Hertel et al 2019). Applied sustainability research has for a long 
time been constrained by the limited availability of geospatial data, but such data have 
become increasingly accessible for the scientific community, stemming from advances in 
remote sensing (Vancutsem et al 2021), promotion of supply chain transparency (Tayleur 
and Phalan 2018), and the ubiquitous increases in computing and processing power (Huang 
and Wang 2020).

The increasing wealth of geospatial data has facilitated a surge in the geospatial 
assessments of anti-deforestation policies. High resolution spatiotemporal data sets such as 
the annual tree cover loss dataset from (Hansen et al 2013) enable fine-scale monitoring 
of deforestation and have been repeatedly leveraged to identify deforestation hotspots 
(Harris et al 2017). In addition, the increasing availability of fine-scale socio-economic and 
agronomic data enable detailed spatial assessments of how anti-deforestation policies could 
affect land use and a wide range of environmental outcomes (Srinivasan et al 2021, Pirker et 
al 2016). The opportunities of assessing such policies have been further enhanced through 
the Spatially Explicit Information on Production to Consumption Systems (SEI-PCS) approach, 
which traces company-specific exports of commodities back to subnational jurisdictions, 
resulting in the TRASE dataset (Trase 2020b, Godar et al 2016).

Although geospatial analysis has been increasingly integrated into ZDC assessments – 
for example through quantifying deforestation risk associated with individual supply chains 
(zu Ermgassen et al 2020), the potential of geospatial analysis remains largely untapped. 
For example, there are large uncertainties regarding the spatial coverage of ZDCs, which 
constitutes a major hurdle for increasing their effectiveness (Haupt et al 2018). In addition, 
ex-ante simulations of ZDC effectiveness are hampered by large uncertainties in the future 
availability of land as previous estimates of cropland availability have to failed to account 
for spatially heterogeneous cropping systems (Eitelberg et al 2015). This underlines the 
importance of geospatial analysis for advancing assessments of ZDC effectiveness. 

1.2.2.	 Quasi-experimental methods

Causal inference is indispensable for monitoring progress against ZDCs. Randomized 
controlled trials (RCTs) – trials in which subjects are randomly assigned to treatment 
and control groups – are typically considered the ‘gold standard’ for inferring a causal 
relationship (Rubin 2008). Random assignment solves the problem of selection bias when 
covariates are unequally distributed across the sample of interest. Whilst RCTs have been 
increasingly used in social science (Bouguen et al 2019) and even in conservation science 
(e.g., Jayachandran et al., 2017), their application remains limited due to ethical, financial, 
and practical concerns (Baldassarri and Abascal 2017). This is especially true for large-
scale anti-deforestation policies, which by virtue of their high stakes are unlikely to be 
randomly assigned across companies or geographies. Quasi-experimental methods have 

1
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been developed to identify the causal impact of a particular intervention or policy measure 
when randomization is not possible. They aim to mimic randomized trials by comparing 
treatment and control groups after controlling for confounding variables. This provides 
an indication as to what may have happened in the absence of the treatment (i.e., the 
counterfactual scenario), which can be used to estimate the direction and magnitude of the 
hypothesized causal effect.

However, a challenge underpinning quasi-experimental methods is that they can never 
exclude the possibility of endogeneity. Endogeneity occurs when the analysis suffers 
from omitted variables bias, reverse causality or measurement error. It results in biased 
parameter estimates and potential misguided estimates of the causal effect. Nevertheless, 
quasi-experimental methods are considered the second-best alternative for estimating causal 
treatment effects (Angrist and Pischke 2008). Moreover, they have become increasingly 
sophisticated in recent years, spurred by advancements in econometric theory as well 
as increases in computing power (Abadie and Cattaneo 2018), which is why they are 
increasingly adopted for causal inference.

Quasi-experimental methods have been widely used for ex post evaluations of various 
anti-deforestation initiatives. In particular, there have been many such evaluations of the 
effectiveness of protected areas (e.g., Eklund et al., 2016; Ferraro et al., 2013; Jones and 
Lewis, 2015), REDD+ initiatives (e.g., Ellis et al., 2020; Roopsind et al., 2019; West et al., 
2020) and sustainability certification schemes (e.g., Blackman et al., 2018; Carlson et 
al., 2018) These studies typically exploit large panel (longitudinal) datasets and employ 
a difference-in-difference (DID) design with fixed effects regression models. In addition, 
statistical matching techniques and synthetic controls have become popular ways to evaluate 
conservation programs, partly because these do not rely on the strong assumptions that 
underpin regression analysis (Schleicher et al 2020).

Despite the wealth of literature adopting quasi-experimental methods to assess anti-
deforestation policies, there have been relatively few attempts to empirically assess the 
effectiveness of ZDCs, most likely because subnational data on individual supply chains were 
unavailable until recently. Most studies have focused on collective ZDCs such as the Amazon 
Soy Moratorium or the G4 Cattle Agreement in Brazil (e.g., Alix-Garcia and Gibbs, 2017; 
Heilmayr et al., 2020b), which do not require data on individual supply chains. To the best 
of the author’s knowledge, zu Ermgassen et al (2020) is the only empirical assessment of 
ZDCs employing data on individual supply chains. However, no quasi-experimental methods 
were employed and hence, the study does not attempt to evaluate the causal effect of ZDCs 
on deforestation, but rather the deforestation risk associated with individual supply chains. 
Hence, to effectively evaluate the causal effect of ZDCs, quasi-experimental methods should 
be incorporated into future assessments. 
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1.2.3.	 Simulation modelling

Simulation modelling is broadly concerned with the application of parameterized computer 
models to predict potential states of a pre-specified system (Freebairn et al 2016). In contrast 
to quasi-experimental methods, they heavily draw on systems thinking and assumptions 
as to how systems respond in the face of external shocks. Notable examples of often-
applied simulation models in the land system science literature include computable 
general equilibrium (CGE) models, partial equilibrium models, agent-based models, or 
spatial dynamic models. One of their unique features is their ability to explicitly account 
for iterative feedback loops, which is particularly useful when simulating processes that 
are non-stationary (i.e., changing over time). As a result, they have been widely adopted 
to explore the outcomes of a wide range of land use policies. For example, such models 
have been repeatedly employed to project the possible implications of biofuel mandates 
(e.g., Golub and Hertel, 2012; Searchinger et al., 2008; Taheripour and Tyner, 2020), 
conservation programs (Wolff et al 2018, Suwarno et al 2018), or REDD+ programs (Kuik 
2014, West et al 2018).

Although there have been a few studies simulating the ex-ante effectiveness of ZDCs, 
they all tend to focus on a single sector within a single country (Soterroni et al 2019, Mosnier 
et al 2017). This could give rise to misleading conclusions if deforestation is displaced to 
other economic sectors or countries (Bastos Lima et al 2019). To the best of the author’s 
knowledge, Villoria (2021) is the only study that takes an economy-wide approach to 
assess the implications of ZDC, focusing on the soy sector in South America. However, as 
their results are aggregated at the country-level, they provide little insights into how local 
landscapes will be affected. Economy-wide projections at the pixel level would thus be a 
major step forwards towards improving ex-ante simulations of ZDC effectiveness.

1.3.	 Research gaps and objectives

The foregoing has highlighted the untapped potential of three approaches that could be 
leveraged to advance assessments of ZDCs. While each of these holds great potential for 
analysing ZDCs, none offers a comprehensive mode of analysis to measure and explain 
all aspects of ZDC effectiveness. For example, geospatial analysis can be leveraged to 
provide more spatial granularity to ZDC assessments and account for local spatiotemporal 
dynamics but does not directly inform on the actual or potential effectiveness of ZDCs. While 
quasi-experimental methods are invaluable tools for inferring historic causal relationships, 
there are poorly equipped to anticipate future impacts and implications of ZDCs in the face 
of non-stationarity. By virtue of their ability to explicitly account for feedback loops, ex-
ante simulation methods are arguably better placed to assess the future impacts of ZDCs. 
However, the outcomes of simulation models are only as reliable as the assumptions upon 

1
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which they are based, which is why geospatial analysis and quasi-experimental assessments 
are needed to assess how well these models perform against historic periods in geographic 
areas of interest.

Thus, while none of the three approaches is by itself sufficiently flexible to be applied 
in all types of ZDC assessments, they may – when combined – act in synergistic ways, thus 
uncovering non-trivial insights on ZDCs effectiveness that cannot be derived from one of 
these approaches in isolation. Although there are many more methodological approaches 
that could complement ZDC assessments other than the ones that have been described 
above, a deeper integration of these three approaches into ZDC assessments would help 
build a more holistic understanding of ZDC effectiveness.

For that reason, the overarching objective of this thesis is to investigate what insights can 
be gained from applying different approaches for assessing the effectiveness of ZDCs and the 
degree of complementarity between these different approaches. In doing so, the following 
four sub-questions will be addressed:
1.	 How can geospatial analysis be leveraged to advance assessments (ex-post or ex-ante) 

of ZDCs?
2.	 How do the insights from quasi-experimental assessments of the effectiveness of ZDCs 

differ from ex-ante simulation modelling assessments?
3.	 What is the degree of complementarity between the different approaches?
4.	 What do the different approaches tell us about the (potential) effectiveness of ZDCs?

Floris - v6g.indd   24Floris - v6g.indd   24 25-08-2022   11:4225-08-2022   11:42



25

Introduction

1.4.	 Thesis outline

This thesis contains 6 chapters in total. In Chapters 2 – 5, the three complementary 
methodological approaches discussed above are repeatedly applied to assess the 
effectiveness of ZDCs. The degree to which each of the three methodological approaches 
is applied varies across the 4 chapters, with each chapter predominantly relying on a single 
approach (see Figure 1).

Chapter 2 provides a spatial overview of the global forests that may be protected by 
ZDCs under a scenario of full implementation and enforcement across industries and regions. 
The second part of the chapter assesses the conversion risk within forests that are likely to 
fall beyond the scope of ZDCs, thus providing an indication of the potential displacement 
effects that may be induced by ZDCs.

Chapter 3 examines the evidence of local spillover effects by homing in on a specific 
anti-deforestation policy – the Indonesian Forest Moratorium – that was enacted by the 
Indonesian government in 2011. The chapter draws on state-of-the-art quasi-experimental 
methods to estimate the direction and magnitude of local spillover effects (positive or 
negative) that may have been induced by the moratorium.

Chapter 4 also employs quasi-experimental methods to examine how certain sourcing 
strategies from deforestation-risk regions by individual companies could influence the 
adoption and effectiveness of corporate ZDCs in Brazil’s soy industry.

Chapter 5 draws on the data and findings of Chapter 2 by exploring how ZDCs could 
play out in terms of land use change if they were to be fully adopted and enforced across 
all industries and regions using ex-ante simulation modelling techniques. It examines the 
influence of ZDCs on the expansion of oil palm, a crop that has been strongly associated 
with deforestation in recent decades.

Finally, Chapter 6 synthesizes the thesis’s main findings by revisiting the sub-questions 
listed above and discussing the broader implications of the research.

1
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Figure 1 – Ternary plot showing the degree to which each methodology approach is adopted across 
the thesis chapters.
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Which forests could be protected by corporate 
zero deforestation commitments?  

A spatial assessment

The production of palm oil, soy, beef and timber are key drivers of global forest 
loss. For this reason, over 480 companies involved in the production, processing or 
distribution of these commodities have issued commitments to eliminate or reduce 
deforestation from their supply chains. However, the effectiveness of these commitments 
is uncertain since there is considerable variation in ambition and scope and there are 
no globally agreed definitions of what constitutes a forest. Many commitments identify 
High Conservation Value Forests (HCVFs), High Carbon Stock Forests (HCSFs) and 
forests on tropical peatland as priority areas for conservation. This allows for mapping 
of the global extent of forest areas classified as such, to achieve an assessment of 
the area that may be at reduced risk of development if companies comply with their 
zero deforestation commitments. Depending on the criteria used, the results indicate 
that between 34 and 74% of global forests qualify as either HCVF, HCSF or forests 
on tropical peatland. However, we found that the total extent of these forest areas 
varies widely depending on the choice of forest map. Within forests which were not 
designated as HCVF, HCSF or forests on tropical peatland, there is substantial overlap 
with areas that are highly suitable for agricultural development. Since these areas 
are unlikely to be protected by zero-deforestation commitments , they may be subject 
to increased pressure resulting from leakage of areas designated as HCVF, HCSF 
and tropical peatland forests. Considerable uncertainties around future outcomes 
remain, since only a proportion of the global market is currently covered by corporate 
commitments. Further work is needed to map the synergies between corporate 
commitments and government policies on land use. In addition, standardized criteria 
for delineating forests covered by the commitments are recommended.

This chapter is published as:
Leijten, F., Sim, S., King, H., Verburg, P., 2020. Which forests could be protected by 

corporate zero deforestation commitments? A spatial assessment. Environmental Research 
Letters, 15, 064021.
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Which forests could be protected by corporate zero deforestation commitments? 

2.1.	 Introduction

Commodity-driven deforestation is a major driver of global forest loss accounting for 
approximately 27% of global forest loss (Curtis et al 2018). Recognizing this, many 
multinationals sourcing deforestation-risk commodities have adopted goals to eliminate or 
reduce deforestation from their supply chains (Lambin et al 2018). These Zero-Deforestation 
Commitments (ZDCs) typically focus on the four agricultural commodities most strongly 
associated with tropical deforestation: beef, palm oil, soy, paper and pulp (Newton and 
Benzeev 2018, Henders et al 2015). In recent years, the number of companies adopting 
ZDCs has grown rapidly to at least 484, representing an unknown market share (Donofrio 
et al 2019).

However, the effectiveness of ZDCs is uncertain since there is considerable variation in 
ambition and scope (Taylor and Streck 2018, Jopke and Schoneveld 2018). In addition, 
there are no globally agreed definitions of what constitutes a forest; variations arise from 
consideration of tree density, tree height, ecological properties etc. (Chazdon et al 2016). 
The choice of forest definition influences estimates of forest areas globally and therefore 
deforestation estimates. As an example, Romijn et al (2013) demonstrated the total area 
estimated to have been deforested between 2000 and 2009 in Indonesia increased by 
27% when using Indonesia’s national forest definition instead of the Food Agricultural 
Organization (FAO) definition.

Many companies identify High Conservation Value Forests (HCVFs) (Brown et al 
2013) and High Carbon Stock Forests (HCSFs) (Rosoman et al 2017) as priority areas for 
conservation within their ZDCs. HCVFs are defined as forests of outstanding biological, 
ecological, social or cultural significance and divided into 6 categories: four focus on 
biodiversity, habitat and ecosystem conservation, and a further two on community needs 
and cultural values (Brown et al 2013). HCSFs are defined by a practical, field-tested 
methodology – the High Carbon Stock Approach (HCSA) – that prioritizes forests for 
conservation based on their above-ground biomass (AGB) carbon, while respecting 
communities rights’ to their lands and typically integrating the findings of an HCV assessment 
(Rosoman et al 2017). In addition, many companies have also committed to the protection 
of forest on tropical peatlands (Newton and Benzeev 2018). The adoption of these so-
called “No Deforestation, No Peat and No Exploitation” (NDPE) commitments has been 
limited to the oil palm sector in Southeast Asia where 74% of the palm oil refining capacity 
is now covered by such commitments (Steinweg et al 2017). Recently, the Roundtable on 
Sustainable Palm Oil (RSPO) integrated the HCSA into its Principles and Criteria (RSPO 
2018). Discussions are ongoing as to whether the HCS approach should also be included 
by other standard bodies, including the Roundtable on Responsible Soy (RTRS), the Forest 
Stewardship Council (FSC) and the United Nations Reducing Emissions from Deforestation 
and forest Degradation (REDD+) Programme (Cheyns et al 2019).

2
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	 Although commitments to protect HCVF and HCSFs have been recognized as 
potentially effective approaches for implementing a ZDC (Garrett et al 2019), the spatial 
extent of HCVFs and HCSFs is unknown (Carlson et al 2018, Pirker et al 2016). Both 
approaches were developed for local, case-by-case application requiring on-the-ground 
field visits and stakeholder consultation. As a result, mapping has been conducted mainly 
at the local scale, leaving unclear what the global coverage of the ZDCs is. In addition, 
concerns around deforestation extend to the development of new production areas on forests 
and other biomes which fall outside of the HCVF and HCSF classifications – a phenomenon 
often referred to as activity leakage (Bastos Lima et al 2019, Meyfroidt et al 2018). Therefore, 
the primary objective of this chapter is to make an estimate of the global land area that 
could be classified as HCVF, HCSF or forest on tropical peatland, and hence at reduced risk 
of development if companies comply with their ZDCs. A secondary objective is to identify 
the remaining forest areas that are at risk of conversion due to agricultural development or 
forestry.

2.2.	 Methodology

A stepwise approach was adopted to estimate the global forested land area that can be 
classified as HCVF, HCSF or forest on tropical peatlands. First, a forest reference map 
for the current situation was created (section 2.1.1). Then, HCVFs (section 2.1.2), HCSFs 
(section 2.1.3) and tropical peatland forests (section 2.1.3) were identified separately by 
matching a variety of data sources to the official definitions and descriptions listed in the 
HCV guidelines and HCSA toolkit.

The forested areas that were not classified as HCVF, HCSF or tropical peatland forest 
were intersected with several maps displaying agricultural suitability for the 4 main 
deforestation-risk commodities, market accessibility, future land use change projections 
and areas where commodity-driven deforestation and forestry are considered the main 
driver of forest loss (sections 2.2.1, 2.2.2 and 2.2.3).

2.2.1.	 Estimating the global extent of HCVF, HCSF and forests on tropi-
cal peatland in 2017

2.2.1.1.	 Mapping forest areas 
To create a forest reference map for the current situation, the binary forest map from Schulze 
et al (2019) was used. This 1 km2 resolution map is based on a hybrid forest map created by 
Schepaschenko et al (2015) and represents the year 2000, calibrated with the most recent 
FAO statistics. We modified the forest extent to represent the year 2017 using 1 km2 raster 
data on tree cover gain (2000 – 2012) and tree cover loss (2000 – 2017 ) from Hansen et 
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al (2013, 2019), accessed through Google Earth Engine. Recognising that tree cover loss 
data from Hansen et al do not distinguish between temporary loss and permanent conversion 
(Curtis et al 2018) and that tree cover gain data include plantation forests and herbaceous 
crops (Tropek et al 2014), we tested the sensitivity of the mapped forest area using both 
the original and our updated Schulze map. In addition, we tested the sensitivity of mapped 
forest areas arising from the choice of forest map by using 9 alternative global forest maps 
(Table 1). Finally, all spatial data were converted to an equal-area Eckert IV projection as 
advocated in Šavrič et al. (2015).

2.2.1.2.	 Mapping HCV forests
We used the HCV guidelines (Brown et al. 2013) to identify and map HCVFs using 12 distinct 
indicators that together cover the full range of HCV categories, as shown in Table 1 (see 
also Table 1 of the supplementary material for an extended version of this list, including 
the official definition of each HCV category and the rationale for selecting each indicator). 
To harmonize the different datasets, all indicators were converted to a 1 km2 resolution. 
We used three different thresholds to classify HCVFs, defined as forest areas containing 
at least 1, 2, or 3 HCV categories. The different levels of coverage were used to represent 
the uncertainty in the final HCVF classification and illustrate the sensitivity of the mapped 
spatial extent to the indicator selection. We assumed that areas with multiple overlapping 
categories are more likely to qualify as HCVF.

2.2.1.3.	 Mapping HCS forests
According to the HCS Toolkit Version 2.0 (Rosoman et al 2017), potential HCSF can be 
identified based on an above-ground biomass (AGB) threshold of 35 t C/ha. Although some 
potential HCSF may still be released for development, all tropical forests containing more 
than 75 t C/ha are generally designated as HCSF (Rosoman et al 2017). We used both 
thresholds to indicate the range of uncertainty in the classification of HCSF and its mapped 
spatial extent. Above ground biomass data from Santoro and Cartus (2019), representing 
the year 2017, were resampled from a resolution of 1 ha to a resolution of 1 km2 using the 
majority resampling approach. For sensitivity analyses, two alternative AGB carbon maps 
were considered (see Table 1). Since the HCS approach is not applicable for forests outside 
the tropics (Rosoman et al 2017), these were not classified as HCS.

2.2.1.4.	 Mapping forests on tropical peatland
Tropical peatland forests were mapped using data on the pan-tropical extent of peatlands 
in 2011 from Gumbricht et al (2017).

2
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2.2.2.	 Evaluating forests at risk of agricultural development

We evaluated the deforestation risk of forest areas not designated as HCVF, HCSF or 
tropical peatland. Forests designated as HCV or HCS were for this analysis defined as 
forests with at least 2 overlapping HCVF categories or at least 75 t C/ha if located in the 
tropics (section 2.1). The risk of potential future conversion of forest was assessed using three 
alternative approaches to account for the uncertainty in future development: 1) by identifying 
and overlaying suitable and accessible expansion areas for the 4 main deforestation-risk 
commodities (2.2.1), 2) by using integrated assessment model predictions (2.2.2), and 3) 
by masking areas where commodity-driven deforestation and forestry are considered the 
main drivers of forest loss (2.2.3).

2.2.2.1.	 Overlap with suitable and accessible expansion areas for the 4 defor-
estation-risk commodities

Data on agro-ecological suitability for oil palm, soybean and pasture were sourced from 
the International Institute for Applied Systems Analysis / Food and Agriculture Organization 
(2012) and Van Velthuizen et al (2007) and resampled to a resolution of 1 km2 using the 
majority resampling approach (a list of all data sources can be found in Table 2 of the 
supplementary material). These suitability maps include 8 different suitability classes for 
current agricultural or pastoral production areas as well as those which could be developed 
for future production. To identify suitable areas for forestry, a similar suitability map for 
potential production forests was made by classifying a continuous suitability map from 
Schulze et al (2019) into 8 suitability classes. For each commodity, potential areas for 
expansion were identified by excluding areas already under production. For oil palm, 
soybean and pasture, only the estimated fraction of any given grid cell currently under 
cultivation was known (International Food Policy Research Institute 2019, Ramankutty et al 
2010). We therefore excluded grid cells where cropland or pastureland already extend 
over more than 50% of the area (a sensitivity analysis towards this assumption is provided 
in the supplementary material). Grid cells comprising urban land were also excluded, using 
data from Schneider et al (2003). Forest areas outside the HCV, HCS and tropical peatland 
areas overlapping with suitable expansion areas were assumed to be at risk of conversion.

As inaccessible lands may face lower risk of development (Busch and Ferretti-Gallon 
2017), we refined the analysis by mapping the joint distribution of market accessibility and 
agricultural suitability for forests falling outside the HCV, HCS and tropical peatland areas. 
Data from Weiss et al (2018) on travel time to the closest port or the closest city with at 
least 50,000 inhabitants – resampled to a resolution of 1 km2 using bilinear interpolation – 
were used as a proxy for market accessibility. To obtain an overall measure of agricultural 
suitability for the 4 commodities, a raster layer was created indicating, for each grid cell, 
the highest overall suitability class of the 4 suitability layers (a separate map for each of 
the 4 commodities is presented in the supplementary material).

2
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2.2.2.2.	Overlap with land use projections
An alternative estimate of the conversion risk placed on areas falling beyond the HCVF, 
HCSF and tropical peatland forests classifications was derived using spatially explicit land 
use projections of cropland and pastureland expansion at 5 arc minutes resolution from 
the Integrated Model to Assess the Global Environment (IMAGE) 3.0 model (Doelman et al 
2018). These projections were made for the period 2020 – 2030 and based on the second 
Shared Socioeconomic Pathways (SSP2) scenario (a “middle-of-the-road” scenario for future 
climate mitigation action) (O’Neill et al 2014). Forest areas that were not classified as HCVF, 
HCSF or tropical peatland forest and were found to overlap areas of projected cropland or 
pastureland expansion were considered to be at additional risk of development.

2.2.2.3.	Overlap with areas where commodity-driven deforestation and forestry 
are dominant drivers of forest loss

Finally, we assessed the overlap between forests not classified as HCS, HCV or tropical 
peatland and areas where forestry and commodity-driven deforestation are classed as the 
main drivers of forest loss. Data on the drivers of forest loss at 10 x 10 km resolution were 
sourced from Curtis et al (2018). This provides an indication of the forest areas that are at 
additional risk of development, assuming these forests will indeed be subject to forestry or 
commodity-driven deforestation.

2.3.	 Results

2.3.1.	 The estimated extent of HCVF, HCSF and forests on tropical peat-
land in 2017

Based on the updated Schulze et al map for the year 2017, the global forest area amounts 
to 39.4 million km2 (this compares with an area of 40.3 million km2 if the Schulze et al 
map is not updated). Figure 1 shows the variation in the spatial extent of HCVF and HCSF, 
depending on the stringency of the criteria. The total extent of HCVF and HCSF combined 
comprises between 34% and 74% of global forests, of which between 28% – 34% has 
already been designated as protected area (UNEP-WCMC 2017). The global extent of 
HCVF alone encompasses between 7% and 65% of global forests (Table 2), with Indigenous 
lands accounting for the largest part of potential HCVF (i.e. 43% of all potential HCVF, see 
Figure 1 of the supplementary material).

Since HCSFs are by definition limited to the tropical zone, the total extent is much smaller 
than the extent of HCVF and varies in the range of 31% to 43% of global forests, which 
equates to 66% – 91% of all tropical forests, depending on the choice of AGB map and 
whether an AGB threshold of 35 or 75 t C/ha is applied. Within the tropical zone, there is 
an overlap between HCVF and HCSF, with the percentage of total tropical forest for which 
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Figure 1 – Spatial overview of forests potentially at reduced risk of development due to the corporate 
zero-deforestation commitments, based on a range of criteria to delineate High Conservation Value Forest 
(HCVF) and High Carbon Stock Forest (HCSF).

Table 2 – Estimated total extent of High Conservation Value Forests, High Carbon Stock Forests and 
tropical peatland forests. High Carbon Stock estimates are based on Santoro and Cartus (2019), while 
the parentheses behind the High Carbon Stock estimates indicate the lower and upper range using 2 
alternative above-ground biomass maps (i.e. Avitabile et al (2016) and Baccini et al (2012)).

Geographic scope Type of forest Million km2 % Total Forest Area

Global High Conservation Value

	 ≥ 1 Category 25.67 65%

	 ≥ 2 Categories 10.61 27%

	 ≥ 3 Categories 2.56 7%

Tropical High Conservation Value

	 ≥ 1 Category 13.59 73%

	 ≥ 2 Categories 7.09 38%

	 ≥ 3 Categories 2.17 12%

High Carbon Stock

	 ≥ 35 t C/ha 14.89 (13.53 – 17.00) 80% (73% – 91%)

	 ≥ 75 t C/ha 12.75 (12.30 – 15.26) 68% (66% – 82%)

Peatland Forests 0.62 3%

2
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the 2 classifications converge – measured by the Jaccard Similarity Index (Intersection 
over Union) – varying between 14% and 67%, depending on both the AGB threshold and 
minimum number of overlapping HCV categories. Tropical peatland forests comprise 3% 
of all tropical forests, of which between 82% and 98% overlap with HCVFs and HCSFs.

At a regional or country level, the large sensitivity of the extent of HCVF and HCSF to the 
choice of criteria can lead to dramatic differences (see Figure 2 and 3 of the supplementary 
material). For example, the total extent of HCVF, HCSF and tropical peatland forest in Sub-
Saharan Africa varies in the range of 51 to 84% of all forests.

To test how sensitive the results are to the choice of forest map, Figure 2 shows the 
variation in the extent of HCVF, HCSF and tropical peatland forest when different forest maps 
are considered. Forests designated as HCVF or HCSF are here defined as forests containing 
at least 2 overlapping HCVF categories or exceeding the AGB threshold of 75 t C/ha. To 
account for the uncertainty in the extent of HCSF and HCVF, the error bars in Figure 2 denote 
the upper and lower range of the extent of HCSF, HCVF and tropical peatland forest using 
the full range of criteria shown in Figure 1 (see Table 3 of the supplementary material for 
a detailed comparison of the 10 forest maps based on the Jaccard Similarity index). The 
total extent of forests designated as HCVF, HCSF or tropical peatland depends to a large 
extent on the choice of forest map and varies in the range of 11 – 40 million km2, notably 
because large areas considered forest by some maps are classified as closed shrublands 
or woody savannahs by others.

Figure 2 – Total extent of forests and forests designated as HCVF, HCSF or located on tropical peatland, 
based on 10 different forest maps. Forests designated as HCV or HCS are here defined as forests with 
at least 2 overlapping HCVF categories or at least 75 t C/ha if located in the tropics. Error bars denote 
the upper and lower range of the total extent of HCVF, HCSF and tropical peatland forest using the other 
criteria to delineate HCVF and HCSF shown in Figure 1. CCT denotes canopy cover threshold. *Note: the 
Schulze et al (2019) map is an updated version of the original Schulze et al map using data on tree cover 
loss between 2000 – 2017 and tree cover gain between 2000 – 2012 from Hansen et al (2013, 2019).
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2.3.2.	 Forest at risk of agricultural development

Figure 3 shows the extent to which potential suitable expansion areas for the 4 deforestation-
risk commodities overlap with forest areas and forest areas designated as HCVF, HCSF or 
tropical peatland, based on different land suitability thresholds. Depending on the suitability 
classes included, 39 to 92% of the areas suitable for forestry expansion and 57 to 80% of 
the areas suitable for the expansion of oil palm plantations overlap with forests designated 
as HCVF, HCSF or tropical peatland. The total forest area outside HCVFs, HCSFs and 
tropical peatland forests that is suitable for forestry ranges between 0.57 to 17.81 million 
km2, while the area suitable for oil palm plantations ranges between 0.30 and 6.82 million 
km2. Potential suitable expansion areas for pasturelands and soybean fields are much 
more abundant resulting in a lower percentage overlap with forests (36 to 52% and 6% to 
36%, respectively). Still, given their overall larger extent, the total forest area not covered 
by HCVFs, HCSFs and peatland forests is as high as 19.73 million km2 for pastureland and 
10.61 million km2 for soybean fields.

Figure 3 – Overlap of agro-ecological suitability for 4 main deforestation-risk commodities with forests 
designated as High Conservation Value Forest (HCVF), High Carbon Stock Forest (HCSF) and tropical 
peatland forest. The error bars denote the uncertainty in the total extent of HCVF, HCSF and tropical 
peatland forests. Suitable areas outside forests do not include urban areas or areas already under culti-
vation or used for production.

2
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Figure 4 – Joint distribution of market accessibility and agricultural suitability across forests not des-
ignated as HCVF, HCSF or tropical peatland forest. Market accessibility is based on travel time to the 
nearest port or city with at least 50,000 inhabitants and classified into 8 octiles. Agricultural suitability is 
determined by taking the highest suitability class for each grid cell after overlaying 4 suitability layers for 
forestry, oil palm cultivation, soybean cultivation and pastureland – each comprising 8 suitability classes. 
A separate map for each commodity is presented in Figure 5 of the supplementary material.

To assess where pressures from forestry and agricultural expansion are especially high, 
Figure 4 displays the joint distribution of market accessibility – classified into 8 octiles – and 
agricultural suitability, based on the highest land suitability class for the 4 commodities (see 
Figure 5 of the supplementary material for 4 separate maps per commodity). Forests not 
designated as HCVF, HCSF or tropical peatland forest with high market accessibility and 
agricultural suitability tend to be clustered in the Eastern United States, Central Europe, 
East China, the Gran Chaco in Latin America and near the Swahili Coast in Sub-Saharan 
Africa (see Figure 6a – 6c of the supplementary material for three zoom maps of Latin 
America, Sub-Saharan Africa and Southeast Asia; the 3 main global deforestation regions 
(FAO 2018)). Around 36% of these forest areas with the highest market accessibility and 
agricultural suitability are estimated to be already used as production forests, based on 
data from Schulze et al (2019).

These results merely indicate risk based on agro-ecological suitability and accessibility 
and do not account for projected changes in land use linked to anticipated growth in 
demand, population density and market accessibility. Projections from the IMAGE 3.0 
model for crop and pasture expansion between 2020 and 2030, reflect drivers of land 
use change. These projections indicate that 38% of the total forest area not designated as 
HCVF, HCSF or tropical peatland forest, may be subject to land use change for agricultural 
production. Assuming these predictions provide a reasonable indication of the location of 
future production for the 4 deforestation-risk commodities, the total forest area at risk of 
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becoming converted to oil palm plantations, soybean fields or pastureland becomes much 
smaller – especially in the temperate zone – and decreases on average by 59% (see Figure 
7 of the supplementary material). It is important to note though that these estimates do not 
account for potential leakage effects from protecting HCVFs, HCSFs and tropical peatland 
forests.

Alternatively, when including only areas where commodity-driven deforestation or 
forestry is considered the main driver of forest loss, the total forest area at risk amounts to 
56% of the total forest area not classified as HCVF, HCSF or tropical peatland forest, of 
which 17% overlaps with areas where commodity-driven deforestation is considered the 
main driver of forest loss.

2.4.	 Discussion and conclusion

This study provides a first approximation of the global forest area that may be covered by 
corporate zero deforestation commitments (ZDCs), defined on the basis of three commonly 
used criteria: protection of High Conservation Value Forests (HCVF), High Carbon Stock 
Forests (HCSF) and tropical peatland forests. The results show that between 34 and 74% 
of all forests may classify as HCVF, HCSF or peatland forest. This large range indicates 
the level of uncertainty in the extent of forest that could be at reduced risk of development 
if these commitments were fully adopted. However, given that market coverage of the 
corporate commitments is less than 100%, the protected area will be much smaller in reality 
and deforestation can move to supply chains falling beyond the scope of the corporate 
commitments (Garrett et al 2019). Moreover, even in case of full uptake, legally protected 
forest accounts for only 28 to 34% of the forest area that we identified as meeting our ZDC 
criteria.

In comparison with individual site-based local assessments conducted by companies, 
our global assessment of the spatial coverage of HCVF and HCSF is likely to identify some 
different areas for conservation. First and foremost, this is because the methods used to 
identify HCVFs and HCSFs were developed for local assessments requiring extensive field 
work and free, prior and informed consent from local communities, meaning they are not 
easily applied at larger scales (i.e. the 1 km2 resolution we use) (Pirker et al 2016, Lake 
et al 2016). In addition, many of the criteria documented in the HCV guidelines contain 
ambiguous and subjective terms that depend on individual assessors’ discretion. This has led 
to an inconsistency between various local HCV assessments (Senior et al 2015), meaning 
that there is no consensus on what potential HCV indicators are most appropriate. There 
are also no spatial data sets available on areas already designated as HCVF and HCSF 
(Carlson et al 2018, HCSA Steering Group 2019) to enable validation. Finally, all indicators 
used to approximate the spatial extent of HCVF and HCSF had to be resampled to a 

2
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resolution of 1 km2, which inevitably leads to some loss of spatial detail (Zhu et al 2017). To 
reduce uncertainty in the spatial extent of forest protected under the corporate commitments, 
standardized criteria for delineating forests and defining areas of HCVF and HCSF at the 
global scale and across tropical and temperate forests are recommended. In addition, 
advances in remote sensing and biodiversity mapping should be exploited to produce more 
accurate and up-to-date indicators of HCVFs and HCSFs.

Despite these uncertainties, our results are relatively consistent with previous attempts to 
map HCV and HCS areas at larger scales. For example, Miranda et al (2003) estimated 
that 37% of all areas designated as forest according to our reference map are potentially 
HCVF, which compares with our estimate of 27% (for 2 overlapping HCVF categories), and 
Austin et al (2017) estimated the total extent of HCSF in Gabon to be between 80% – 87% 
of Gabon’s land, which compares with our estimate of 83% (regardless of the choice of 
carbon threshold).

Our analysis has also shown that the extent of HCVF, HCSF and tropical peatland 
forests is contingent on the choice of forest map, resulting in a range from 11 to 40 million 
km2 according to the criteria specified in Figure 2. This finding adds to a growing body of 
literature showing that the definition of forest significantly impacts estimates of forest cover 
and forest cover change (Mermoz et al 2018, Sexton et al 2016, Chazdon et al 2016). 
The lack of a well-agreed forest definition led 9 environmental and social NGOs to launch 
the Accountability Framework initiative in 2016; a framework that has been developed to 
provide companies with detailed guidance to implement their commitments and standardize 
definitions of forest, deforestation, and related terms (Weber and Partzsch 2018). Greater 
consensus on forest classification is needed to reduce the uncertainty in the area covered 
by the corporate commitments and facilitate more effective monitoring (Lyons-White and 
Knight 2018).

 Even if the ZDCs are fully implemented across all commodity markets, some of the 
environmental and social benefits associated with the protection of HCVF, HCSF and tropical 
peatland forest may be undermined if agricultural expansion is displaced to forests that 
are not covered, hence resulting in activity leakage (Bastos Lima et al 2019, Meyfroidt et 
al 2018). Using data on land suitability for the 4 main deforestation-risk commodities, we 
have shown here that many forest areas not designated as HCVF, HCSF or tropical peatland 
forest are highly suitable for the production of these commodities, indicating an increased 
potential risk of development due to ZDCs. Hence, with a growing world demand for all 4 
commodities (Johnston 2016, Thornton 2010, Corley 2009, Masuda and Goldsmith 2009), 
pressures on potential expansion areas will likely increase and could possibly come at the 
expense of forests or other natural biomes that are not designated as HCVF, HCSF or tropical 
peatland forest, in particular when market accessibility is high (Atmadja and Verchot 2012). 
In addition, pressures may be higher at local scales due to imperfect substitution between 
commodities originating from different sources (Hertel 2018). However, the total area at risk 
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of development may be much smaller when accounting for future land use change scenarios 
or historic trends in commodity-driven deforestation or forestry.

It should be noted, though, that there are many factors that we have not been able 
to consider in our assessment of the areas at risk of future agricultural development. For 
example, there are a range of interacting socio-economic factors – including mobility of 
capital and labour, easy access to credit and differences in price and terms (Atmadja and 
Verchot 2012) – policy and governance factors (Fernandes et al 2015) as well as crop-
to-crop cascade effects (Lambin and Meyfroidt 2011), which are all likely to affect future 
land use outcomes. Further work to map synergies between corporate commitments and 
government policies influencing land use outcomes is recommended. This will help to refine 
estimates of the potential effectivenes of national and supply chain governance levers for 
halting deforestation and for the identification of complementary strategies which may 
accelerate efforts towards zero deforestation.

2
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Local deforestation spillovers induced by forest 
moratoria: evidence from Indonesia

Moratoria on commodities produced in deforestation-risk areas have been shown to 
be highly effective in reducing deforestation within targeted areas. Various studies 
have shown, however, that such policies are prone to large local spillover effects, 
i.e., non-trivial changes (reductions or increases) in the amount of deforestation 
in areas just outside the direct scope of the moratorium. Little is known about the 
direction and magnitude of local spillover effects that may have been induced by 
the Indonesian forest moratorium, an anti-deforestation policy enacted in 2011 that 
covers around a third of Indonesia’s terrestrial area and that is of high importance in 
meeting international deforestation goals. Here, we empirically assess the evidence of 
spillover effects near the Indonesian moratorium boundaries, using several proximity 
metrics and a panel dataset spanning the years 2001 – 2018. Based on our negative 
binomial fixed effects regressions, we estimate that the moratorium induced 1,324 km2 
of deforestation in areas located within 10 km of the targeted areas in the period 2011 
– 2018, most of which occurred near conservation and protection forests. Evidence 
of spillover effects is also strong within concession areas slated for development. 
This suggests that companies may have shifted their planned production activities 
from areas targeted by the moratorium to neighbouring concession areas, resulting 
in additional forest loss. To minimize or halt such spillover effects, the scope of the 
Indonesian moratorium could be expanded to high-deforestation risk areas, such as 
forest areas outside mountainous regions, with relatively high GDP per capita and 
high agro-ecological suitability for oil palm plantations. In addition, a higher uptake 
of certification schemes and increased international finance would complement the 
moratorium, helping to reduce incentives to deforest both within and outside the 
moratorium areas.

This chapter published as:
Leijten F., Sim S., King H. Verburg P.H. (2021). Local deforestation spillovers induced by 

forest moratoria: Evidence from Indonesia. Land Use Policy, 09, 105690.
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3.1.	 Introduction

In recent years, efforts by governments, corporations and civil society to curb deforestation 
have steadily increased (Brown and Zarin, 2013; Geldmann et al., 2019; Lambin et al., 
2018). Typical examples of anti-deforestation policies include protected areas (Bebber 
and Butt, 2017), agri-environmental certification schemes (van der Ven et al., 2018) and 
moratoria on commodities produced in deforestation-risk areas (Nolte et al., 2017; Sloan, 
2014). The rise in these policies has been accompanied by an increase in studies employing 
quasi-experimental methods and counterfactual thinking to assess their effectiveness (Börner 
et al., 2016). The central research question underlying these studies has been: “what would 
have happened in terms of deforestation in the absence of the policy intervention?”. While 
these studies typically control for the influence of other variables to estimate the effect of 
the intervention (e.g. agricultural suitability and market accessibility), they are often limited 
to areas falling directly within the scope of the policy, thus overlooking potential spillover 
effects on neighbouring or more distant areas (see e.g. Carlson et al. 2018; Panlasigui et al. 
2018). Failing to account for spillover effects may give rise to misleading conclusions and 
policy recommendations (Ewers and Rodrigues, 2008; Pfaff and Robalino, 2017).

There is a growing body of evidence suggesting that land development restrictions, 
such as commodity moratoria, may trigger deforestation spillovers (positive or negative) 
to areas falling beyond the direct scope of the policy (Dou et al., 2018; Fuller et al., 
2019; Magliocca et al., 2019; Meyfroidt and Lambin, 2009). As an example, Moffette 
and Gibbs (2019) provided empirical evidence that two highly effective anti-deforestation 
policies targeting the soy and cattle production sectors in the Brazilian Amazon displaced 
agricultural production to surrounding areas, thus causing further deforestation outside the 
targeted areas. Such displacement of agricultural production activities – often referred to as 
activity leakage (Meyfroidt et al., 2018) – is more likely to occur if there is a lack of off-farm 
employment alternatives and if neighbouring areas can be substituted for the restricted areas 
(Atmadja and Verchot, 2012). However, other studies have also found that anti-deforestation 
policies may also give rise to boosting effects. In this case, less deforestation is observed in 
neighbouring areas than would have occurred in the absence of the intervention (Giudice 
et al., 2019; Heilmayr et al., 2020a; Herrera, 2015). This may occur if restrictions on land 
development slow down regional investments in roads and other types of infrastructure, thus 
reducing the risk of deforestation (Herrera, 2015).

One anti-deforestation policy that has not received much attention in the scientific 
literature is the Indonesian forest moratorium. Indonesia is one of the world’s largest 
emitters of greenhouse gases and the forest moratorium was, at the time of its enactment, 
considered to be the single policy with the largest mitigation potential (Wijaya et al., 2017). 
Implemented in 2011 as part of a ‘REDD+ Readiness’ programme in collaboration with 
Norway, the moratorium suspended the granting of new concession licenses for logging, 
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oil palm and wood fibre concessions within designated areas with the aim of reducing 
deforestation and associated CO2 emissions (Austin et al., 2012; President of Indonesia, 
2011; Sloan, 2014). Existing concession licenses were exempt. Although the moratorium 
was initially established for two years, it was extended three times before being made 
permanent in 2019 (Mongabay, 2019a). The extent of the moratorium has been subject 
to 15 revisions between 2011 – 2018 but varies in the range of 64 – 67 Mha or 34 – 
35% of Indonesia’s total terrestrial area, depending on which (revised) moratorium map 
is considered (Ministry of Environment and Forestry, 2021). The moratorium covers three 
different types of areas, namely conservation and protection forests, peatlands and primary 
forests, all designated by the Indonesian Ministry of Environment and Forestry (note that 
the designated peatlands and primary forests do not cover all Indonesian peatlands and 
primary forests). Conservation and protection forests include nature reserves and forests 
designated to safeguard certain hydrological services, both of which were already legally 
protected when the moratorium was enacted in 2011 (Murdiyarso et al., 2011). Although 
this implies that the moratorium bestowed no additional legal protection on conservation 
and protection forests, the moratorium may have strengthened law enforcement within these 
areas, thus contributing to the declining deforestation rates in recent years (World Resources 
Institute, 2019). The remaining moratorium areas designated as either peatlands or primary 
forests are much smaller and comprise only 20% of the total moratorium extent according 
to the 8th revised moratorium map (Ministry of Environment and Forestry, 2021). However, 
these areas largely constitute additional protection (meaning they were largely unprotected 
before 2011), and hence, it is plausible that the moratorium induced positive or negative 
spillover effects around these areas.

Very few studies have attempted to assess the effectiveness of the moratorium in reducing 
deforestation in Indonesia. Busch et al (2015) estimated that if the moratorium had been in 
place from 2000 to 2010, the total deforested area would have been reduced by 1,160 
– 3,050 km2, which equates to 1.0 – 2.7% of the total estimated deforestation over that 
time. However, since their analysis was solely based on data on the decade preceding 
the moratorium, it did not provide an indication of the actual effectiveness following 
implementation. Conversely, both Suwarno et al (2018) and Chen et al (2019) explored 
potential post-implementation impacts of the moratorium, but did not consider possible 
displacement effects beyond the moratorium boundaries. Given that similar anti-deforestation 
policies enforced in other countries have triggered large spillovers to areas within 10 
km of the targeted areas (Bruggeman et al., 2018; Fuller et al., 2019; Robalino et al., 
2017), it is conceivable that similar effects have occurred in Indonesia in the wake of the 
forest moratorium. Therefore, to effectively govern Indonesia’s remaining forests, a better 
understanding of the effectiveness of the Indonesian moratorium is needed, considering the 
potential for local deforestation spillovers.
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The objective of this chapter is to empirically assess the direction and magnitude of 
local spillovers in the direct neighbourhood of Indonesian forest moratorium areas. We 
define areas located in the direct neighbourhood of a moratorium border on the basis of 
several proximity metrics and employ an econometric model to assess whether there is a 
strong statistical relationship between deforestation and proximity to a moratorium border 
after the enactment of the moratorium. In addition, we show how the spillover effects have 
varied across space and over time; and employ matching methods to explore the robustness 
of our results.

3.2.	 Methodology

3.2.1.	 Study area and data processing

Our analysis sought to examine how proximity to the moratorium border affected 
deforestation outcomes in the post-moratorium period (i.e., from 2011 onwards). To account 
for both spatial and temporal variation in deforestation, we exploited a panel dataset 
spanning the years 2001 – 2018, with the annual deforested area as our dependent 
variable, using data on tree cover loss from Hansen et al (2013, 2019), aggregated to a 
resolution of 5 x 5 km. Deforestation was defined as any tree cover loss (in ha) within areas 
with at least 30% canopy cover, following the official forest definition of Indonesia (Ministry 
of Environment and Forestry, 2016). Tree cover gain was not considered as the Hansen 
et al data do not distinguish between plantation forests and natural forests (Tropek et al., 
2014). To explore the sensitivity of our results to the choice of forest definition, we report 
alternative results using 2 different forest definitions in Appendix C, based on canopy cover 
thresholds of 10% and 60%.

Proximity to the moratorium border was measured using the 8th revised moratorium map 
from Indonesia’s Ministry of Environment and Forestry (2021, see Figure 1), published in May 
2015 and digitized by Greenpeace (2021). As the year 2015 is near the middle of our study 
period, the 8th revised moratorium map provides a more representative spatial overview 
of the moratorium extent than more recent maps. Nevertheless, to explore the sensitivity of 
our results depending on the choice of moratorium map, we also considered an alternative 
moratorium map based on the intersection of the initial moratorium map (published in 
July 2011) and the 15th revised moratorium map (published in December 2018), shown in 
Figure 1 of Appendix D. There are no major spatial differences between both maps as the 
percentage of overlap (intersection over union) amounts to 93%. Both moratorium maps 
consist of a patchwork of many disjoint polygons spread out across thousands of islands 
that are designated as either primary forest, peatland or conservation and protection forest. 
These different types of moratorium areas are officially mutually exclusive, even though it 
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has been recognized that areas designated as peatland may contain primary forest and 
vice versa, according to different land cover maps (Murdiyarso et al., 2011).

As the risk of spillover effects is arguably higher near areas that were not already 
protected before the enactment of the moratorium, we distinguished between moratorium 
areas that constituted additional protection and areas that were already protected before 
the enactment of the moratorium, in our analysis. Whilst areas designated as conservation 
and protection forests were already protected before the enactment of the moratorium, 89% 
of all areas designated as primary forest and 98% of all areas designated as peatlands 
were not, based on data from the Indonesian Ministry of Environment and Forestry (2010, 
see Figure 2 of Appendix D). Since spillovers to neighbouring areas are less likely to occur 
if the area targeted by the moratorium is relatively small (Sinclair et al., 2012) or if the risk 
of deforestation was already low (Di Lallo et al., 2017), we excluded moratorium polygons 
smaller than 50 km2 and grid cells with less than 1% forest cover at the start of 2011, and 
limited our analysis to the 5 largest Indonesian islands (see Figure 3 of Appendix D for a 
map of these islands). Together, these islands capture 94% of all deforestation in the pre-
moratorium period. Since a deforested grid cell does not add any meaningful variation to 
the sample, observations after 2011 within fully deforested grid cells were set to missing (this 
only applied to one grid cell in our sample). As mountainous areas are typically at minimal 
risk of development and hence unlikely to be affected by spillovers (Busch and Ferretti-
Gallon, 2017; Edwards et al., 2019), we also excluded grid cells with average elevation 

Figure 1 – Map of Indonesia showing the spatial extent of the three different types of areas covered by 
the moratorium, based on the 8th revised moratorium, first published in 2015 by the Indonesian Ministry of 
Environment and Forestry and digitized by Greenpeace (2021). The pie chart presented in the top right of 
the figure shows the percentage of the different types of area covered by the moratorium.
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exceeding 3,000 m and average slopes exceeding 30°, based on data from Jarvis et al. 
(2008). For all remaining grid cells outside the moratorium boundaries (n = 27,849 in the 
case of the 8th revised moratorium map), we computed the Euclidean distance (in kilometres) 
from the grid cell’s centroid to the nearest moratorium border, thereby distinguishing between 
the different types of areas covered by the moratorium.

3.2.2.	 Exploratory data analysis

To explore the general dynamics around the moratorium borders before and after the 
moratorium was enacted, we smoothed the relationship between deforestation and distance 
to the nearest moratorium border for both periods, using a Generalized Additive Model 
smoother (GAM). GAMs are statistical models that incorporate non-parametric regression 
techniques to summarize local (non-linear) statistical relationships that can often not be 
detected using a linear regression model (Keele, 2008). As the magnitude of deforestation 
spillovers is likely to vary with distance, detecting such local statistical relationships is 
key for exploring the general dynamics around moratorium areas. Since our dependent 
variable (annual deforested area in ha) is a nonnegative, overdispersed variable with many 
observations without any deforestation (27% of all observations outside moratorium areas), 
we used a negative binomial GAM instead of a Gaussian or Poisson GAM (see Appendix 
A for a more detailed discussion of overdispersion and the negative binomial model).

3.2.3.	 Empirical strategy

Our empirical strategy relies on the assumption that areas in the vicinity of a moratorium 
area are more likely to be exposed to deforestation spillovers (positive or negative) than 
areas that are further away. By comparing deforestation outcomes in grid cells close to 
a moratorium border with outcomes in more distant grid cells in both the pre- and post-
moratorium period, our analysis sought to measure the direction and magnitude of local 
spillovers. Following Moffette and Gibbs (2018), we created two different metrics to identify 
grid cells in the vicinity of a moratorium area. The first is a dummy variable (one that only 
takes the value 0 or 1) indicating whether grid cell i is within 10 km of a moratorium border, 
using the same distance threshold as Fuller et al (2019) and Robalino et al (2017). The 
second is a continuous variable ranging from 0 to 1 that equals 1 if grid cell i is closest 
to the moratorium border and 0 if it is the farthest away, based on the following formula:

(1)	 Closenessi = 
Disti

MaxDist
 – 1,

where, Disti denotes distance to the moratorium border and MaxDist represents the maximum 
distance of all grid cells. In Appendix C, we explore the sensitivity of our results to alternative 
proximity metrics (using different distance thresholds, including quadratic terms etc).

3
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A challenge when estimating the direction and magnitude of local spillovers is that the 
spatial coverage of the moratorium is not randomly distributed across Indonesia. Even after 
excluding areas with high altitude and slope (see section 2.1), areas within and around 
the moratorium boundaries tend to be located in more mountainous regions with less 
agro-ecological suitability for oil palm plantations and less access to palm oil mills, cities 
and ports in comparison with areas further away (see Appendix D Figures 4 – 8). This 
suggests that areas closer to a moratorium border may be at a lower risk of development 
than undeveloped areas further away. However, Figure 2 shows that before the moratorium 
was enacted, areas within 10 km of a moratorium border experienced a similar trend in 
deforestation to areas further away. A common trend in the pre-moratorium period indicates 
that areas further away may provide a valid comparison group for areas within 10 km of 
a border (Angrist and Pischke, 2008). The post-moratorium divergence in trends shown in 
Figure 2 could potentially be (partly) attributed to spillover effects.

Figure 2 –Time series of annual deforestation between 2001 – 2018 within forest areas more than 10 
km away from a moratorium border and within 10 km of a moratorium border. None of the time series 
include deforestation within the moratorium areas. Data on deforestation are sourced from Hansen et al 
(2013, 2019). Dotted lines represent quadratic trend lines.

To identify spillover effects as distinct from the effects of potential confounding variables 
such as commodity prices (Gaveau et al., 2018), population dynamics (Darmawan et 
al., 2015) or major El Niño events (Noojipady et al., 2017), we sought to control for 
these variables using a multivariate negative binomial regression model, estimated with the 
fixest software package in R version 4.0.2 (Bergé, 2020, 2018; R Core Team, 2020, see 
Appendix A for further details). By including fixed effects, we can control for the influence 
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of (unobserved) spatial differences that are constant over time (e.g., topography, soil type), 
as well as year trends that vary across pre-defined geographical units (e.g., population 
dynamics or economic development within administrative units). In addition, we controlled 
for the presence of concession areas since these are already designated for development 
and hence more likely to be deforested. Data on concession types (logging, oil palm and 
wood fibre concessions) were sourced from Global Forest Watch (2019a – c, see Figure 9 
of Appendix D). Grid cells with less than 50% of their total area (i.e., 12.5 km2) overlapping 
with one of the three concession types were assumed to be outside concession areas. As 
both the year of establishment and the actual year of development was unknown for most 
concession areas, we included year trends for each concession type in our model, thus 
controlling for the expansion of concession areas over time. We further refined the analysis 
by controlling for areas that became certified in a certain year by the Roundtable on 
Sustainable Palm Oil (RSPO) as certification tends to reduce the risk of deforestation (Carlson 
et al., 2018a; Cattau et al., 2016). Spatiotemporal data on RSPO-certified concessions were 
sourced from Carlson et al (2018b).

Finally, we also controlled for the remaining forest area within each grid cell at the start 
of each year, as well as the total remaining forest area in neighbouring forests, using a 
spatial weight matrix. Accounting for the remaining forest in neighbouring areas is key, as 
the risk of deforestation varies with the degree of forest fragmentation (Taubert et al., 2018). 
The spatial weights were constructed using an inverse-distance algorithm and a distance 
threshold of 15 km. We also considered alternative distance thresholds of 10 and 20 km, as 
well as alternative spatial weight algorithms (weights based on queen and rook contiguity), 
but this resulted in a lower overall fit, as indicated by the Akaike Information Criterion (AIC) 
and Bayesian Information Criterion (BIC).

More formally, we estimated the following equation for our negative binomial model:

(2)	 Defi,c,r,t = exp(β(Post_morat * Proximityi + δlog (Fori,t–1) + 
	 η(w’ilog(Fori,t–1)) + ω RSPOi,t + α1 + Φc,t + ϒr,t)

Here, Defi,c,r,t denotes the annual deforested area in ha within grid cell i, concession type c, 
regency r (i.e., second-level administrative units. Indonesian: kabupaten) and year t; Post_
morat is a dummy variable indicating the period after which the moratorium was enforced; 
Proximityi represents one of the two proximity metrics described above; log (Fori,t–1) represents 
the natural logarithm of the remaining forest area (ha) in grid cell i in year t-1; w’i denotes a 
vector of row-standardized weights placed on the natural logarithm of the remaining forest 
area in neighbouring grid cells, represented by the vector log (Fori,t–1); RSPOi,t is a variable 
indicating the proportion of the area of grid cell i that was RSPO-certified at time t, αi, Φc,t 
and ϒp,t denote fixed effects and β, δ, η and ω are parameters to be estimated. To account 
for temporal and spatial autocorrelation, we clustered our standard errors at the province 
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level (Indonesian: provinsi). Alternative results with standards errors clustered at the island 
or regency level are shown in Appendix C.

We used the results of equation (2) to gauge how much deforestation may have been 
induced or avoided in areas within 10 km of a moratorium border by comparing the 
fitted values using the baseline covariate values with a counterfactual scenario in which 
no moratorium was enacted. The counterfactual scenario was constructed by predicting 
for each grid cell within 10 km of a border how much deforestation would have occurred 
in the post-moratorium period after setting β (the parameter capturing the effect of the 
moratorium) in equation (2) to zero. Thereafter, we summed the difference between the two 
scenarios in terms of the predicted amount of deforestation, thus arriving at an estimate of 
how much deforestation may have been induced or avoided by the moratorium within 10 km 
of its borders. Given the non-linear nature of the negative binomial model, we explore the 
sensitivity of this result to alternative parameter values by running a Monte-Carlo simulation 
in Appendix D, following Heilmayr et al (2020a;) and Carlson et al (2018).

3.2.4.	 Robustness checks

We explored the robustness of our results by a) re-estimating equation (1) for several subsets 
of the sample (2.4.1), b) testing how the estimated magnitude of spillover effects within 10 
km of a moratorium border varies by year (2.4.2) and c) pre-processing the sample using 
a matching algorithm (2.4.3).

3.2.4.1.	 Subsamples
To assess how the direction and magnitude of spillovers vary across space, we estimated the 
model separately for each major Indonesian island, all remaining islands not included in the 
baseline model (Figure 3b and 3c – Appendix D) and for each of the different concession 
areas (note that this reduces the concession-specific year trend, Φc,t in equation (2) to a 
general year trend). Given the large variation in the size of moratorium areas (Figure 3a – 
Appendix D), we also sought to investigate whether forests near larger moratorium areas 
are more likely to be affected by spillovers than those near smaller ones, using alternative 
area thresholds of 0, 100, 500 and 1,000 km2 (see section 2.1). Finally, we tested how the 
magnitude of estimated spillover effects changes when focussing on areas deemed at higher 
risk of development, based on a number of covariates known to influence deforestation 
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outcomes (see Table 1 for the list of covariates; also see Busch and Ferretti-Gallon (2017) for 
a meta-analysis of the spatial drivers of deforestation). This means we explored the sensitivity 
of the results after excluding grid cells with covariate values below a certain threshold, using 
quartiles to define the cut-off values (see Table 1 of Appendix C).

3.2.4.2.	Temporal effects
A potential concern of our estimation strategy is that areas within 10 km of a moratorium 
area are perhaps fundamentally different from areas further away (e.g., due to spatial 
variation in market accessibility) and that our fixed effects model does not eliminate the 
influence of all confounding variables, resulting in omitted variable bias. In that case, we 
may find statistically significant effects of proximity to a moratorium border on deforestation 
in the years before the moratorium was implemented. Assuming such statistically significant 
effects are not the result of sampling variation or deforestation agents anticipating the 
enactment of the moratorium (which is unlikely as the moratorium was not discussed within 
official circles until 2010, Murdiyarso et al., 2011), this would indicate that the effect of 
proximity is conflated with another confounding variable for which we have not controlled. 
Alternatively, if our model does not suffer from omitted variable bias, we would expect to 
find no statistically significant parameter estimates before 2011. To test whether this is the 
case, we re-estimated equation (2) after replacing the term Post_morat * Proximityi by 17 
year-specific proximity effects (described below), using the year 2011 as our reference year. 
In addition to testing whether there is a relationship between proximity and deforestation in 
the period before the moratorium, this also gives an indication as to how the post-moratorium 
spillover effects have varied over time. This means we estimated the following equation:

(3)	 Defi,c,r,t = exp(∑7
τ=1 β–τ * Proximityi,t– τ+ ∑10

τ=1 β+τ* Proximityi,t + τ + 
	 δlog (Fori,t–1) + η(w’ilog(Fori,t–1)) + θ RSPOi,t + α1 + Φc,t + ϒr,t),

where the first summation term ∑7
τ=1 β–τ captures 7 lags or post-treatment effects for each 

year from 2012 up to and including 2018 and the second summation term ∑10
τ=1 β+τ captures 

10 anticipatory or pre-treatment effects for each year from 2001 up to and including 2010.

3.2.4.3.	Matching
Many studies have found that pre-processing data by matching methods can improve the 
performance of the fixed effects models (Ferraro and Miranda, 2017; Ho et al., 2007; Jones 
and Lewis, 2015). Pre-processing in this context means that regression analysis is done on 
a subset of the data where the treated and control groups are matched such that they have 
similar covariate distributions, with the aim of minimizing selection bias. To balance covariate 
distributions between grid cells within 10 km from a moratorium border and grid cells further 
away, we used genetic matching, an evolutionary search algorithm that iteratively checks 
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and improves covariate balance (Diamond and Sekhon, 2013, see Appendix B for further 
details). To ensure that only observations were matched that are reasonably similar, we used 
a caliper width (a tolerance level indicating the maximum allowed dissimilarity between 
observations) of 0.2 times the standard deviation, as recommended by Austin (2011).

Matching was done with replacement on all variables listed in Table 1. For time-varying 
covariates (i.e., population density and GDP per capita), matching was done using the 
values from the year 2010. The reason we picked the year 2010 is that matching should 
not be done on observations that may have been affected by the moratorium (Stuart, 2010), 
and the moratorium was not announced until 2011. Balance was assessed by means of 
standardized mean differences, empirical quantile-quantile plots and Kolmogorov-Smirnov 
test statistics (see Figure 10 – Appendix D). After trimming the data to our matched sample, 
we re-estimated equation (2).

Table 1 – List of covariates used to match observations

Variable Source Original Resolution

Elevation (m) Jarvis et al (2008) 90 m2

Gross Domestic
Product per Capita at Purchasing 
Power Parity in constant 2011 
international US dollars (log)

Kummu et al (2018) 5-minute resolution 
(approximately 10x10km 
at the equator)

Market accessibility (hours) ·	 Travel time to the nearest city with at 
least 50,000 inhabitants: Weiss et al 
(2018)

·	 Travel time to the nearest port 
(regardless of size): Weiss et al 
(2018)

·	 30-arcsec resolution 
(approximately 1 x 1 km 
at the equator)

·	 Idem

Oil palm suitability (0.01 - 100) Suitability estimates sourced from 
Version 3 of the Global Agro Ecological 
Zones (GAEZ) (International Food Policy 
Research Institute/Food and Agriculture 
Organization, 2012). The data are 
based on the SRES H3A1 emission 
scenario for the 2020s and control for 
a CO2 fertilization effect.

5-minute resolution 
(approximately 10x10km 
at the equator)

Population density (log) Stevens et al. (2015) 100 m2

Remaining forest area in 2010 in 
ha (log)

Hansen et al (2013, 2019) 30 m2

Slope (°) Jarvis et al (2008) 90 m2

Travel time to the nearest oil palm 
mill (hours)

·	 Friction surface enumerating land-
based travel speed for all land pixels 
for the year 2015 from Weiss et al 
(2018)

·	 Coordinates of Indonesian palm oil 
mills (Global Forest Watch, 2019d)

·	 30-arcsec resolution 
(approximately 1 x 1 km 
at the equator)

·	 N.A.
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3.3.	 Results

3.3.1.	 Evidence of local deforestation spillovers

Figure 3 shows how deforestation trends varied across grid cells within 100 km of the 
different moratorium areas in the pre- and post-moratorium period. Deforestation levels near 
the border generally increased in the post-moratorium period, with the peak shifting from 
30 to 25 km away from the border (Figure 3a). A similar pattern holds if only areas near 
conservation and protection forests are included. However, near peatland and primary 
forests, there is no evidence of a shift in deforestation intensity to areas closer to the border, 
with deforestation levels largely remaining flat in the case of peatland forests (Figure 3c) and 
increasing with distance in the case of primary forests (Figure 3d). These opposite trends in 
deforestation levels near moratorium areas suggest spatially heterogeneous spillover effects 
near the different types of area covered by the moratorium. However, they are likely to be 
(partly) driven by underlying trends such as the degree of forest fragmentation, the presence 
of concession areas and regional socio-economic developments.

To account for such confounding trends, Table 2 reports the regression estimates based 
on equation (2) for all moratorium areas (columns (1) – (2)) and the three types of area 
covered by the moratorium (columns (3) – columns (8)). Separate results focussing only on 
areas that constituted additional legal protection as of 2011 are presented in Table 3 of 
Appendix C. Note that the variable Closeness in columns (2), (4), (6) and (8) of Table 2 

Figure 3 – Smoothed relationship between deforestation and distance from moratorium areas within 
100 km in the pre- and post-moratorium period based on a) all moratorium areas, b) only moratorium 
areas designated as Conservation and Protection Forest, c) only moratorium areas designated as Peat-
land Forest and d) only moratorium areas designated as Primary Forest. Moratorium areas smaller than 
50 km2 were not considered. Smoothing was done with a negative binomial one dimensional penalized 
regression spline with smoothing parameters selected by generalized cross-validation. Deforestation levels 
and distance indicators are analyzed within a 5 x 5 km2 grid. Negative distances indicate Euclidean 
distances within moratorium areas to the closest border. Shaded areas denote 95% confidence intervals.
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refers to the continuous proximity metric that assumes values in the unit interval, as described 
by equation (1). Results from column (1) indicate that areas within 10 km of a moratorium 
border (first row) are typically associated with more deforestation in the post-moratorium 
period (p < 0.05), holding other factors constant. More specifically, we estimate that in 
the period 2011 – 2018, the Indonesian moratorium induced 1,324 km2 of forest loss in 
areas within 10 km of a moratorium border, which equates to approximately 2 ha per 5 
x 5 km grid cell (Figure 11 of Appendix D explores the uncertainty around this estimate 
using a Monte Carlo simulation). In addition, column (2) suggests that grid cells that were 
the closest to the moratorium border – as described by equation (1) – experienced 246% 
more deforestation (≈ 100 * exp (1.24) – 100) in the post-moratorium period than the most 
distant areas (p < 0.01). Focussing only on conservation forests (column (3) – column (4)), 
similar results are obtained, even though these areas were already legally protected before 
the enactment of the moratorium. However, consistent with Figure 2, there is no evidence of 
leakage effects near peatland forests (column (5) – column (6)) as none of the parameters 
are statistically significant at conventional levels (i.e., p < 0.1). Column (8) implies that areas 
near primary forests may even have experienced boosting effects, as they are associated 
with less deforestation in the post-moratorium period than areas further away (p < 0.05). 

These results remain robust when focussing only on peatland and primary with additional 
legal protection (see Table 3 of Appendix C) or when using an alternative moratorium 
map, based on the intersection of the initial moratorium map, published in 2011, and the 
15th revision of the map, published in 2018 (see Table 4 of Appendix C). To further explore 
the sensitivity of our results, we also considered different forest definitions (canopy cover 
thresholds of 10 and 60%), different distance metrics (based on different distance thresholds 
and a quadratic term for closeness) and different levels at which to cluster our standard 
errors; these did not alter any of the qualitative conclusions either (see Tables 5 – 7 of 
Appendix C and Figure 12 of Appendix 10).

3.3.2.	 Subsamples

Table 3 reports the regression estimates for the three different concession types (oil palm, 
logging and wood fibre). Columns (1) and (5) reveal that there is strong evidence that the 
moratorium induced forest loss between 2011 and 2018 within logging and wood fibre 
concession areas located within 10 km of a moratorium border (p < 0.05), amounting to 
an estimated 480 and 578 km2, respectively. This suggests that around 80% of all induced 
forest loss near moratorium areas (see section 3.1) occurred within these areas. Re-estimating 
the model for different islands, we find a strong variation in the direction and magnitude of 
spillover effects across islands. Whilst most of the parameter estimates are positive, there 
is strong evidence of negative spillover effects (boosting effects) near peatlands in West 
Papua and near primary forests in Sumatra (see Figure 13 of Appendix D). Differences in 
parameter estimates across concession types and islands can potentially be explained by 
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spatial differences in economic development (proxied by GDP per capita), agro-ecological 
suitability for palm oil plantations and topography, as shown by Figure 14 of Appendix D. 
In general, spillover effects increase in magnitude with higher GDP per capita, higher oil 
palm agro-ecological suitability, lower elevation and less variation in slope. 

Another potential reason that could partially explain these differences in parameter 
estimates is that the direction and magnitude of spillover effects depend on the size of the 
nearest moratorium area. Figure 15 of Appendix D indicates that forests within 10 km of 
peatlands exceeding 500 km2 or primary forests exceeding 1,000 km2 are associated with 
strong positive (more deforestation) spillover effects, whilst the evidence of spillover effects 
diminishes if smaller moratorium areas (< 500 km2) are included. However, there is an 
opposite pattern near conservation and protection forests as the evidence of leakage effects 
disappears if only the largest moratorium areas are included. This suggests that there is no 
consistent relationship between the size of an area and deforestation across different types 
of areas covered by the moratorium.

3.3.3.	 Temporal effects

To assess the way in which the direction and magnitude of spillover effects varied over time, 
Figure 4a plots the temporal parameter estimates (or point estimates) of being within 10 
km of a moratorium border for each individual year in both the pre- and post-moratorium 
period, including their 95% confidence intervals (note, the year 2011 is selected as a 
reference year). There are no statistically significant effects in the pre-treatment period, 
suggesting our model sufficiently eliminates the influence of confounding trends, at least in 
the pre-moratorium period. From 2014 onwards, all parameter estimates become statistically 
significant and increase in magnitude, indicating that spillover effects did not become 
prominent until 2014. Focussing only on areas near conservation forests, a similar pattern 
emerges. However, consistent with Table 2, there is no evidence of spillover effects near 
peatland and primary forests, with virtually no statistically significant effects in both the 
pre- and post-moratorium period.

3.3.4.	 Matching

The findings from section 3.1 remain robust after trimming the dataset to observations 
within a caliper width of 0.2 times the standard deviation, which discards around 26% 
of the original observations (see Table 8 of Appendix C). This lends further support to the 
conclusion that leakage effects were particularly strong near conservation and protection 
forests, even though these forests were already protected before the enactment of the 
moratorium. In addition, the results provide further evidence that areas near primary forests 
may have experienced boosting effects.

3
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3.4.	 Discussion and conclusion

This is the first assessment of the direction and magnitude of local spillover effects that 
may have been induced by the Indonesian moratorium on new concession licenses. We 
have found strong evidence that the moratorium induced forest loss in areas within 10 km 
of the targeted areas, amounting to a total of 1,324 km2 between 2011 and 2018. This 
equates to 166 km2 per year or 60 – 157% of the annual deforestation that may have 
been avoided by the moratorium, according to the ex-ante simulation study by Busch et 
al (2015).  These findings suggest that the effectiveness of the moratorium may have been 
substantially undermined due to activity leakage. Surprisingly, the evidence of leakage is 
particularly strong around conservation and protection forests, even though these areas 
were already legally protected before the moratorium was enforced in 2011. This could 
be a sign that law enforcement increased within these areas following the enactment of 
the moratorium, thus displacing some forest-risk activities to neighbouring areas. Although 

Figure 4 – Temporal point estimates of the effect of being within 10km of a moratorium border. The 
year 2011 is selected as a reference year. Error bars denote 95% confidence intervals. A point estimate 
is significantly different from 0 at the 0.05 level if the 95% confidence interval does not contain 0.
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local government agencies may have had limited awareness of the moratorium in the first 
years after implementation (Austin et al., 2014), this may have changed in recent years, 
given the strong evidence of spillover effects near conservation and protection forests from 
2014 onwards. However, there is also evidence that the moratorium gave rise to boosting 
effects – i.e., less deforestation – near primary forests. A potential explanation for this is that 
the moratorium discouraged investments in infrastructure near these areas, thus inhibiting 
further land development.

In addition, the evidence suggests that leakage effects are predominantly occurring in 
logging or wood fibre concession areas. This could be a sign that companies or smallholders 
involved in the logging or wood fibre industry originally aiming to expand their activities 
within moratorium areas shifted their planned activities to concession areas just outside the 
moratorium boundaries, causing activity leakage. Companies or smallholders involved in 
the oil palm industry may have been more constrained to shift their activities to neighbouring 
areas as these areas have relatively low agro-ecological suitability. Indeed, our sensitivity 
analysis confirms that the evidence of activity leakage within 10 km of moratorium areas 
becomes much stronger after excluding areas with low agro-ecological suitability.

We have also shown that evidence of spillover effects generally increases in smoother 
terrains and in areas with higher GDP per capita, potentially because it increases demand 
for agricultural and tropical products and access to markets (Angelsen and Kaimowitz, 1999; 
Cuaresma and Heger, 2019). By contrast, there is an ambiguous relationship between the 
size of a moratorium area and its estimated spillover effects. This is consistent with Fuller et 
al. (2019), who found that socioeconomic factors are more important in predicting whether 
a national protected area shows signs of spillover effects than the size of a protected area.

However, our results should be interpreted with caution. Instead of displacing agricultural 
activities, the moratorium may have incentivized companies to intensify production within 
concession areas. Since the remotely-sensed dataset on tree cover loss from Hansen et al 
does not distinguish between natural forests and plantation forests (Tropek et al., 2014), it 
is possible that the estimated spillover effects within logging and wood fibre concessions 
are a reflection of increased logging intensities within previously developed plantation 
forests instead of encroachment into natural forests designated for, but not yet developed 
as plantation forests. This may also be the reason why the estimated spillover effects are 
substantially larger within logging and wood fibre concessions than in oil palm concessions.

Moreover, our results may be biased if proximity to the moratorium border is correlated 
with other unobserved time-varying covariates that influence deforestation outcomes and that 
are unrelated to the enactment of the Indonesian moratorium. Although we have controlled 
for all unobserved year trends at the regency level, it is conceivable that our results are partly 
driven by unobserved time-varying heterogeneity within regencies. Examples of potential 
confounding variables within regencies include the number of political districts (i.e. the 
number of third-level administrative levels, Indonesian: kecamatan), election cycles within 

3
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districts and inter-governmental fiscal transfers (Burgess et al., 2012; Pailler, 2018; Tacconi 
and Muttaqin, 2019). Inaccuracies in the selected moratorium map (due to the high number 
of revisions between 2011 - 2018) may also have influenced our results.

Finally, our study does not consider spillover effects that manifest themselves further away 
from the moratorium boundaries, for example due to market feedback effects. Although 
increases in land rents due to the moratorium are more likely to occur in the vicinity of the 
official moratorium border (Miranda et al., 2019), changes in commodity prices induced 
by the Indonesian moratorium could have driven cropland expansion much further away. 
Assessing such market-mediated effects is challenging as it requires information on the 
price-responsiveness and price-elasticities of affected commodities. Recent advances in 
Computable General Equilibrium (CGE) models, such as the GTAP-BIO model (Taheripour 
et al., 2017), provide a well-developed framework to gauge their magnitude, but often 
lack the fine spatial detail needed to detect local spillovers. Linking global or continental 
macro-economic models with local, spatially explicit land use change models offers a 
promising way forward for holistic assessment of spillover effects from commodity moratoria 
(Johnson et al., 2020; Verburg et al., 2008). In addition, accounting for the role of local 
political economy factors in spatially explicit land use models is key, as land use change 
models solely based on commodity demand and land properties typically fail to capture 
deforestation dynamics (Nolte et al., 2017).

Despite these limitations, our study highlights the importance of accounting for spatially 
heterogeneous spillover effects when assessing land zoning policies, thereby building 
on previous work that has attempted to quantify such effects (Bruggeman et al., 2018; 
Moffette and Gibbs, 2019; Robalino et al., 2017). Further work to assess the environmental 
consequences of such spillover effects is recommended. To minimize or halt deforestation 
due to leakage, the scope of the Indonesian moratorium could be expanded to high-
deforestation risk areas, such as secondary forest areas outside mountainous regions with 
relatively high GDP per capita and high agro-ecological suitability for oil palm plantations, 
consistent with the recommendations of Sloan et al (2012) and Lim et al (2019). The recent 
ban on all new licenses for oil palm plantations imposed by the Indonesian government 
for a period of three years could be a step forwards (Mongabay, 2019b), especially when 
complemented with a similar ban on all licences for logging and wood fibre concessions. In 
addition, a larger uptake of commodity certification schemes such as RSPO-certified palm oil 
or Forest Stewardship Council (FSC) certified timber could reduce the risk that the protection 
of forest areas within moratorium areas comes at the expense of High Conservation Value 
Forests (HCVFs) and High Carbon Stock Forests (HCSFs) within certified areas. Finally, 
scaling up international climate finance for nationwide anti-deforestation programs such 
as the Indonesian moratorium could increase law enforcement and reduce incentives to 
deforest (Yusuf et al., 2018), as exemplified by the recent Norway-Guyana REDD+ program 
(Roopsind et al., 2019).
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The influence of company sourcing patterns on the 
adoption and effectiveness of zero-deforestation 

commitments in Brazil’s soy supply chain

Many companies sourcing agricultural commodities with high deforestation risk have 
committed to zero deforestation, meaning they intend to eliminate deforestation 
from their supply chains. While previous research has attempted to assess progress 
against such initiatives, little is known about how the characteristics of sourcing 
patterns may influence the adoption and potential effectiveness of zero-deforestation 
commitments. Supply chain stickiness – here defined as the geographic persistence in 
trade relationships between traders and sourcing regions over time – may reflect lock-
in effects and the level of trust between the parties involved. Here, we use a metric of 
supply chain stickiness, calculated from temporal network analyses on the Brazilian soy 
export supply chain, as a proxy for these underlying dynamics to explore their effect 
on the adoption and effectiveness of zero deforestation commitments (ZDCs). Using 
data for 2004 – 2017, we find that although stickier traders are more likely to adopt 
ZDCs, they also appear to have less effective ZDCs than other traders (as indicated 
by the level of soy and territorial deforestation in their sourcing regions). This finding 
suggests that additional strategies are needed to increase the effectiveness of ZDCs.

This chapter is published as:
Leijten, F., dos Reis, T.N.P., Sim, S., Verburg, P.H. and Meyfroidt, P., 2022. The influence 

of company sourcing patterns on the adoption and effectiveness of zero-deforestation 
commitments in Brazil’s soy supply chain. Environmental Science & Policy, 128, 208-215
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The influence of company sourcing patterns on the adoption and effectiveness of zero-deforestation commitments

4.1.	 Introduction

The international trade and consumption of agricultural commodities are estimated to drive 
around 26% of forest loss in the tropics and sub-tropics (Pendrill et al 2019). As a result, 
multiple agricultural supply chain actors have committed to eliminate or reduce deforestation 
from their supply chains, either through multi-stakeholder coalitions, such as the Amazon Soy 
Moratorium (ASM) or through unilateral Zero-Deforestation Commitments (ZDCs) (Garrett 
et al 2019, Lambin et al 2018).

Recent advances in remote sensing (Curtis et al 2018) and supply chain mapping (Godar 
et al 2015, Trase 2020a) have facilitated empirical research on such initiatives’ effectiveness. 
For example, zu Ermgassen et al (2020) used spatial data on individual supply chains to 
monitor progress against ZDCs in the Brazilian soy export sector. While these studies inform 
on the overall effectiveness of ZDCs, they provide scant evidence on how different sourcing 
strategies and patterns influence this effectiveness. Sourcing strategies are the main lever 
through which traders of deforestation-risk commodities influence activities further upstream 
in the supply chain (Lyons-White and Knight 2018). Therefore, a better understanding of 
how different sourcing strategies, as reflected in spatiotemporal sourcing patterns, could 
influence actions on the ground is needed to enhance the effectiveness of ZDCs.

A critical characteristic of supply chain sourcing patterns is the degree of geographic 
persistence in bilateral trade flows (Villoria and Hertel 2011). Such persistence may have 
a considerable influence on traders’ capacity to source deforestation-risk commodities 
compliant with their ZDCs (Reis et al 2020, Garrett et al 2019).

Patterns of trade persistence may result from traders’ strategies but also other factors 
beyond their direct control. For example, at the country-to-country trade level, geographic 
distance between trading countries affects the persistence of bilateral trade flows as more 
distant countries tend to have less persistent bilateral flows (Disdier and Head 2008). 
Additionally, larger economies tend to have more persistent linkages (Kepaptsoglou et al 
2010), as do those with greater openness or exposure to trade (Melitz 2002), ethnic and 
post-colonial linkages and those with similar governance regimes (Yu 2010).

The above referenced studies have provided insights into why trade relationships persist at 
the country-to-country level. However, the factors determining the persistence of subnational 
trade relationships, i.e., between companies, producers and subnational jurisdictions, are 
less well known. Persistent subnational trade relationships are driven by both financial (e.g., 
transportation costs) and non-financial factors (e.g., levels of trust) that are hard to quantify and 
disentangle from each other. Key gaps remain in our understanding of how such unobserved 
drivers of persistent subnational trade relationships may influence sustainability outcomes.

We apprehend persistence in trade patterns through the notion of “stickiness”, which is 
defined as “the maintenance and recovery, over time and through shocks, of supply chains’ 
geographic network configurations, i.e., the network of trade linkages and flows between 

4
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specific places of production and consumption, and specific actors including producers, 
traders, retailers, and consumers” (Reis et al 2020).

At the subnational trade level, various non-financial factors may influence supply chain 
relationships’ stickiness at the supply-side (between production places and traders), including 
the social structure of supply chains, and power dynamics, which can induce various forms 
of lock-in effects. The social structure of supply chains – i.e., the networks of social relations 
embedded in economies that determine the market structure – is influenced by the level of 
trust among supply chain actors and may make trade relationships more or less persistent 
over time (Uzzi 1997, Krippner and Alvarez 2007, Henderson et al 2002, Bair 2008, 
Polanyi 1944, Granovetter 1985).

In some circumstances, these social and power dynamics, as well as other factors 
including actors’ past decisions that constrain their supply chain relationships, can result 
in lock-in effects, i.e., situations where negative feedbacks reinforce existing supply chain 
relationships. These can be (i) infrastructural (Vanloqueren and Baret 2009, Payo et al 
2016), when physical facilities bind together different supply chain actors; (ii) financial, 
e.g., through the existence of credit mechanisms; (iii) technological, e.g., when one actor 
dominates and patents key technologies upon which other actors are dependent (Fares et 
al 2012), (iv) institutional when governance systems and norms exist (e.g. the ASM); or (v) 
related to consumer preferences for a brand, product or ingredient transparency, origin or 
quality (Narasimhan et al 2009, Akkermans 2001).

The literature suggests that such non-financial factors are likely to influence the adoption 
(Gardner et al 2019, Dauvergne and Lister 2013, Thorlakson et al 2018) and effectiveness of 
sustainability commitments by companies (Garrett et al 2019, Lambin et al 2018). First, lock-in 
effects due to social dependence, technology and investments, bind farmers and companies 
together in long and stable relationships, potentially leading to imbalances in market power 
relations (Narasimhan et al 2009). In some markets, especially in buyer-driven supply chains 
(Gereffi 1994), traders strive for more power imbalances in their supply chains to exert 
more control over their suppliers (Dauvergne and Lister 2013). Committing to sustainability 
criteria that condition suppliers’ practices can further increase buyer companies’ supply 
chain power, lock-ins and market dominance (Bastos Lima and Persson 2020, Heron et al 
2018). Reverse causality is also possible: companies that are more dominant may be more 
likely to commit to sustainability criteria because they have the means to do so or the agency 
to influence actors upstream in the supply chain. Finally, different levels of trust or distrust 
may promote or hinder more effective engagement between companies and producers 
to implement sustainability criteria (Ghosh and Fedorowicz 2008, Skandrani et al 2011, 
Heron et al 2018).

Given the above, it is plausible that such non-financial factors influence both the observed 
patterns of stickiness in supply chain relationships and the adoption and effectiveness 
of sustainability commitments. However, no datasets exist that measure these factors 
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comprehensively over large supply chains in a way that would enable quantitative evaluation 
of their influence on the adoption and effectiveness of ZDCs. Here we use observed patterns 
of trade stickiness as a proxy for these different factors. We measure these stickiness patterns 
through temporal network analyses of traders’ relationships with production locations to 
explore their combined effects on both ZDC adoption and effectiveness by traders in the 
Brazilian soy export supply chain.

We focus on the soy export sector in Brazil, given its importance in deforestation and 
the momentum of ZDCs in this sector. We use spatiotemporal data on supply chain stickiness 
from Reis et al (2020) covering the years 2003 – 2017. Two distinct econometric models are 
employed to assess (i) whether and to what extent supply chain stickiness tends to increase 
the probability of adopting a ZDC, and (ii) how supply chain stickiness may influence the 
overall effectiveness of ZDCs, measured through observed reductions of native vegetation 
loss in sourcing regions for companies with or without commitments. We highlight that 
our objective is not to assess the effectiveness of the ASMs or individual company’s ZDCs 
according to their own definitions of forest and deforestation. As these definitions are 
heterogeneous, sometimes unclear or ambiguous, and temporally changing (zu Ermgassen 
et al. 2020, Leijten et al. 2020), this would essentially preclude any meaningful and 
statistically robust analysis. We rather build on a standardized and well-accepted definition 
of deforestation and native vegetation conversion in Brazil (see Trase 2020b). By doing so, 
our assessment of ZDC effectiveness encompasses not only the aspects of implementation 
but also the design of these policies.

Through our empirical analysis, we seek to test two hypotheses:
1.	 Supply chain stickiness tends to increase the probability of adopting a ZDC, as stickier 

companies are more likely to have lock-ins, trust and power over a market, suggesting 
they also have the capacity to commit to sustainability.

2.	 The stickiness of different traders influences their effectiveness in implementing their 
ZDCs, through their capacity to influence their upstream supply chain, thus potentially 
reducing overall deforestation.

4.2.	 Methodology

To explore how the level of stickiness may influence the adoption and effectiveness of ZDCs 
within the Brazilian soy export sector, we used a panel data set with observations for all 
1,599 traders involved in the export of Brazilian soy during the years 2004 – 2017. These 
data control for mergers and acquisitions during the period 2004 – 2017. Below, we first 
describe how we compiled and processed these data (section 2.1). After that, we describe 
the methods used to estimate the effect of stickiness on the adoption (section 2.2) and 
effectiveness (2.3) of ZDCs.

4
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4.2.1.	 Data

We obtained time-varying data on the level of stickiness for each of the 1,599 traders 
from Reis et al (2020). These data are based on the topological overlap metric used in 
network analysis. This metric captures the supply network configuration changes over time 
around a specific trader (given the municipalities from which they source in a certain year) 
and ranges from 0 to 100%. Stickiness levels of 0% would indicate a complete change in 
a specific trader’s supply chain configuration in two consecutive years (the minimum time 
step needed to detect changes given available data). In contrast, stickiness levels of 100% 
would indicate complete persistence in the supply chain configuration. Figure 1 in the 
supplementary material plots the general trend in stickiness between 2004 – 2017 in the 
Brazilian soy supply chain.

To examine how different levels of stickiness may influence the effectiveness of ZDCs, 
we focus on two outcome variables believed to be directly related to the effectiveness of 
ZDCs: the level of soy deforestation risk and territorial deforestation allocated to individual 
traders (Trase 2020c). Soy deforestation risk refers to the annual area of soy expansion (in 
hectares) within areas that have been deforested in the previous five years. Risk refers to the 
way this deforestation is allocated to the actors (here traders) along the supply chain, which 
is in proportion to the volume of soy that they export from a given municipality, relative to 
the total production of soy (by all producers) in the same municipality (Trase 2020b, note 
that supply chain data at the submunicipal level are not available). Territorial deforestation 
differs from soy-deforestation in that it captures all deforestation from a municipality in the 
soy supply chain, regardless of whether it is linked to the direct expansion of soy or not 
(TRASE 2020c). Although this could mean that some territorial deforestation cannot be 
directly linked to the expansion of soy, it arguably provides a more accurate indication 
of the overall effectiveness of ZDCs, as it also partially accounts for indirect deforestation 

Figure 1 – Time series plot showing the total level of soy deforestation and territorial deforestation in 
Brazil’s soy sourcing regions, after aggregating the data for all 1,599 traders. Soy deforestation levels 
are not available for the years 2004 and 2005.
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(Gollnow et al 2018). We sourced data on both types of deforestation risks from Trase 
(2020b; 2020c) and zu Ermgassen et al (2020). Deforestation includes any conversion 
of native vegetation within the Amazon, Cerrado and Pantanal biomes. We provide a 
sensitivity analysis towards forest definition choice in the supplementary material. Figure 
1 plots the aggregated annual level of both soy deforestation and territorial deforestation 
between 2004 – 2017.

As the empirical relationships between stickiness and the adoption and effectiveness 
of ZDCs may be confounded by other variables, we sought to control for these variables 
in our multivariate regression analysis (see sections 2.2 and 2.3). Table 1 lists all variables 
(i.e., both the variables of interest and control variables) used in the analysis, including their 
types and sources.

Table 1 – Variables used in the multivariate regression analysis. All variables are attributed to companies.

Variable Type Source

Variables of interest:

Adoption of zero-deforestation commitment Binary (0/1) zu Ermgassen et al (2020)

Soy deforestation risk (in kha) Continuous Trase (2020c)

and zu Ermgassen et al (2020)

Supply chain stickiness (unitless) Continuous Reis et al

(2020)

Territorial deforestation risk (in kha) Continuous Trase (2020c)

and zu Ermgassen et al (2020)

Control variables:

Export share (company’s export relative to total 
exports) (percentage)

Continuous Trase (2020c)

Exports to Asian markets (company’s export 
to Asian markets relative to company’s total 
exports) (percentage)

Continuous Trase (2020c)

Exports to European markets (company’s export 
to European markets relative to company’s total 
exports) (percentage)

Continuous Trase (2020c)

Total unprotected area suitable for soy in 
sourcing region (ha)

Continuous FUNAI (2020), ICMBio (2020), 
INCRA (2020), GeoLab - USP 
(2017)

4.2.2.	 The influence of stickiness on the adoption of ZDC

To explore how the probability of adopting a ZDC may depend on the company-specific 
level of stickiness, we estimated several logistic regression models using the variables listed 
in Table 1, with the adoption of a ZDC in a particular year as the dependent binary variable. 
As traders can only once commit to zero deforestation, we set traders’ observations after 

4
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the first year of the announcement to missing, as recommended by McGrath (2015). In all 
models, we controlled for each trader’s export share within a given year and the share of 
exports going to the two most important export markets (Asia and Europe). As companies 
may be triggered to adopt ZDCs in response to increases in overall deforestation risk (Rueda 
et al 2017), we also controlled for the level of territorial deforestation risk in the previous 
year.

To account for time-invariant heterogeneity across traders (e.g., stemming from different 
attitudes toward environmental management practices; see Ho and Lin, 2012), we used 
a weighted demeaning approach that enabled us to explicitly estimate trader-specific 
fixed effects, implemented in the ‘alpaca’ package in R version 4.02 (R Core Team 2020, 
Stammann 2017). Although this approach could lead to biased estimates if the number of 
traders with commitments is large relative to the number of years – a statistical phenomenon 
known as the incidental parameters problem (Neyman and Scott 1948, Lancaster 2000) – 
this was not a concern in our case given that only 22 traders in our dataset have adopted 
ZDCs (which, when taken in aggregate, account for 78% of all soy exports between 2004 
– 2017).

Formally, we estimated the following model:

		  In 
Pi,t

1–Pi,t

 = α1 + β1 stickinessi,t + ∑K
k=1ωk χk,i,t, � (1)

where Pi,t denotes the probability that trader i adopts a ZDC in year t (where ZDC can 
either refer to an individual ZDC or a ZDC adopted as part of the ASM), stickinessi,t denotes 
the level of stickiness, Χk,i,t is a control variable (see Table 1), and αi, β1 and ω1,...,ωk are 
parameters to be estimated. This equation resulted in 3 different regression models: one for 
all ZDCs, one for just the ASM and one for unilateral commitments.

Given the low number of traders with ZDCs, we did not account for year-specific fixed 
effects and the unprotected area suitable for soy as this would overfit the model (Hawkins 
2004). As the number of traders with unilateral commitments (i.e., commitments that are 
not part of the ASM) is even lower (n = 5), we set the third model’s positive convergence 
tolerance to 0.2, thus ensuring convergence (see McCullough 2009 for further details). To 
assess the overall effect of stickiness on the probability of adopting a ZDC, we used all 
three models’ parameter estimates to compute the Average Marginal Effect (AME; Hilbe 
2009) of stickiness. Although it is plausible that the adoption of a ZDC also affects levels of 
stickiness in consecutive years (i.e., reverse causality), we circumvented the issue by setting 
all consecutive observations to missing.

4.2.3.	 The moderating effect of stickiness on the effectiveness of ZDCs

Having assessed the effect of stickiness on the adoption of ZDCs, we examined how 
stickiness could moderate the effectiveness of soy ZDCs in reducing deforestation in Brazil. 
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We estimated several regression models specifying how stickiness may amplify or repress 
the effect of ZDCs on soy deforestation and territorial deforestation, holding other things 
constant. As both dependent variables follow a heavily skewed distribution with many 
observations equal to 0, we used a negative binomial regression model. As opposed to the 
linear regression model, the negative binomial regression model’s underlying probability 
density function is more suited for modelling non-negative distributions clustered around 0 
(Hilbe 2011). Although the Poisson regression model may also be used for modelling such 
zero-inflated variables, it imposes the restrictive assumption that the mean and variance 
of the dependent variable are equal, which does not hold for our data. In the absence 
of publicly available information on the intended time schedules of all individual zero-
deforestation commitments (Garrett et al 2019), we arbitrarily assumed an implementation 
deadline of 2 years for all traders after the commitment was announced (after which a 
ZDC is expected to become effective). As a sensitivity test, we also consider an alternative 
implementation deadline of 5 years.

To explicitly estimate the trader-specific fixed effects in a computationally efficient way, 
we used the fixest package in R version 4.0.2 (Bergé 2020, R Core Team 2020). The 
underlying algorithm replicates the results of an unconditional negative binomial fixed effects 
model with no downward bias in the standard errors (Bergé 2018; Allison and Waterman 
2002). This measure enabled us to estimate the following equation:

Defi,t = exp (αi + βZDCi,t + Φ stickinessi,t + δZDCi,t–2 * stickinessi,t 

 ∑Kκ=1ωkΧk,i,t + ϒt)� (2)

where Defi,t refers to either the annual level of soy risk or territorial deforestation for trader 
i in year t, ZDCi,t–2 is a dummy (binary) variable denoting whether trader i has adopted 
a commitment in the 2 years preceding year t, stickinessi,t refers to the level of stickiness 
(rescaled to the unit interval to address overdispersion), Χk,i,t is a control variable (see Table 
1), and αi, Φ, β, δ, ϒt and ω1,...,ωk are parameters to be estimated. To explore the sensitivity 
of our results to the choice of forest definition, we re-estimated equation (1) after excluding 
sourcing areas outside the Amazon biome, as these may not be considered forest according 
to some definitions (Leijten et al 2020).

To gauge the moderating effect of stickiness on the effectiveness of ZDCs, we used 
the results of our regression estimates to predict, for each company that has adopted a 
commitment, what the effect of ZDCs would have been in the absence of an interaction 
effect. In other words, we compared the outcomes of a scenario that assumes no interaction 
between stickiness (i.e., δ = 0) and the effectiveness of ZDCs with a scenario that does 
account for interaction (i.e., δ - 0). To explore our estimates’ uncertainty, we drew on 
the variance-covariance matrix of the parameter estimates and ran 1,000 Monte Carlo 
simulations, thereby following (Heilmayr et al 2020a).

4
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4.3.	 Results

4.3.1.	 The influence of stickiness on the adoption of ZDCs

Table 2 reports the regression estimates of equation (1). The first column shows the results 
for all ZDCs, while the second and third columns show separate regression estimates for 
the ASM (column 2) and unilateral commitments (column 3). Due to the small number of 
companies with ZDCs (n = 22, which nevertheless account for 78 % of all soy exports), 
the sample size reduces to 104 observations in model 1. The results in column 1 indicate 
that stickiness has a positive and significant effect on the adoption of ZDCs (P < 0.05) in 
the consecutive year, other things being equal. More specifically, the results from column 1 
suggest that a one percentage point increase in stickiness increases the odds of adopting a 
ZDC by 5% (exp (0.05) ≈ 1.05). We obtained the same result when focussing only on the 
Amazon Soy Moratorium (second column, first row; P < 0.1). However, stickiness appears 
to have a stronger effect on the adoption of unilateral commitments (P < 0.001): a one-
percentage-point increase in stickiness increases the odds of adopting a unilateral ZDC by 
14% (exp (0.13) ≈ 1.14).

Table 2 – Logistic regression estimates of the probability of adopting a ZDC. Heteroskedasticity robust 
(White-Huber) standard errors in parentheses. Asterisks indicate the level of statistical significance (· p < 
0.10, *p < 0.05, **p <0.01, ***p <0.001). AIC denotes Akaike information criterion and BIC denotes 
Bayesian information criterion.

All commitments
Amazon Soy 
Moratorium

Unilateral 
Commitments

Stickiness (%) 0.05 * 0.05 . 0.13 ***

(0.03) (0.03) (0.03)

Territorial deforestation (1-year lag) 0.02 0.01 0.09 ***

(0.02) (0.02) (0.02)

Export share (%) 0.04 0.05 -0.73 **

(0.26) (0.26) (0.26)

Destination - Europe (%) 0.58 * 0.56 * -0.04

(0.29) (0.28) (0.03)

Destination - Asia (%) 0.60 * 0.58 * 0.04 **

(0.29) (0.27) (0.01)

McFadden’s Pseudo R2 0.34 0.28 0.61

Observations 104 92 61

Trader fixed effects Yes Yes Yes

Year fixed effects No No No

AIC 125.35 123.15 33.55

BIC 196.75 188.71 124.54

Log Likelihood -35.67 -35.57 -6.77
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Figure 2 plots the Average Marginal Effect (AME) of stickiness on the probability 
of adopting a ZDC. The top row of Figure 2 indicates that on average, the probability 
of adopting a ZDC increases by 0.6% if stickiness increases by one percentage-point. 
Similar results are obtained when focussing only on the ASM (second row) or on unilateral 
commitments (third row).

Figure 2 – Average Marginal Effect (AME) of stickiness on the probability of adopting a ZDC, thereby 
distinguishing between commitments made as part of the Amazon Soy Moratorium (ASM; second row) and 
unilateral commitments (third row). Error bars denote 95% confidence intervals. Confidence intervals that 
do not contain the number 0 (here indicated by the dotted vertical line) are statistically different from 0.

4.3.2.	 The moderating effect of stickiness on the effectiveness of ZDCs

We report the regression estimates of equation (2) in Table 3. The first two columns show a 
positive and statistically significant relationship between stickiness and soy deforestation (first 
row, P < 0.01). Conversely, there is no statistically significant relationship between stickiness 
and territorial deforestation, as shown in columns (3) and (4). In addition, there is no 
relationship between the adoption of ZDCs and soy deforestation or territorial deforestation, 
regardless of whether a 2-year (third row) or 5-year lag (fourth row) is assumed. However, 
the third and fourth columns indicate a positive interaction effect between stickiness and 
the adoption of ZDCs on territorial deforestation (P < 0.05, regardless of the choice of 
implementation deadline), suggesting that stickiness may hamper the effectiveness of ZDCs. 
These results remain robust when focussing only on deforestation in the Amazon biome (see 
Table 1 of the supplementary material).

To examine the magnitude of this interaction effect (in kha) as well as the underlying 
uncertainty, Figure 3 shows the results of the Monte-Carlo simulation. Each of the four 
notched boxplots compares the results of 1,000 simulations with and without an interaction 
effect on the total level of soy deforestation (top row) and territorial deforestation (bottom 
row). Given the uncertainty regarding the implementation deadline of ZDCs, boxplots in 
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the left column account for an implementation period of 2 years, and boxplots on the 
right account for an implementation period of 5 years. The boxes display the interquartile 
range (25 to 75th percentile) of all 1,000 simulations’ outcomes. The notches show the 
95% confidence interval around the median (see McGill et al 1978 for a more detailed 
explanation of notched box plots). Most simulations confirm that the interaction effect of 
stickiness and ZDCs tends to result in more soy deforestation and territorial deforestation, 
with none of the notches overlapping. By way of example, the top-left plot shows that the 
median estimate of the effect of ZDCs on soy deforestation increases from 28 (6 – 49) to 
738 (697 – 778) kha if there is an interaction effect between stickiness and ZDCs. These 
findings suggest that traders with higher stickiness are less likely to effectively implement 

Figure 3 – Notched box plots showing the results of 1,000 Monte Carlo simulations of the effects of 
ZDCs – with and without an interaction effect with stickiness – on soy deforestation and territorial defor-
estation. Median estimates – including their confidence intervals - are indicated by the notches in each plot. 
Upper hinges represent 75% quantiles, and lower hinges represent 25% quantile. Upper (lower) whiskers 
represent the largest outcomes that are less than or equal to upper (lower) hinge * the interquartile range.

4
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their ZDCs than traders with lower stickiness. However, even in the absence of an interaction 
effect, most simulations still show a positive effect of ZDCs on soy deforestation and territorial 
deforestation, suggesting that notwithstanding the level of stickiness, additional efforts are 
needed to implement ZDCs.

4.4.	 Discussion and conclusion

We find that stickiness tends to increase the probability of adopting a ZDC in the consecutive 
year, supporting our first hypothesis that stickier companies are more likely to have lock-
ins, trust, and bargaining power. A potential explanation for this is that stickier traders 
deliberately aim for stable trade relations with certain geographical regions and committing 
to zero-deforestation can be a strategy to reduce the risk of supply disruptions (Rueda et 
al 2017). Additionally, sticky traders may also be more vulnerable than volatile traders to 
reputational damage if their suppliers are brought into disrepute, which may incentivise 
sticky traders to adopt ZDCs (Tamayo-Torres et al 2019). This explanation is consistent with 
the green club theory, which describes how reputational risk aversion may trigger firms to 
participate in ‘green clubs’ (Barnett and Hoffman 2008, Potoski and Prakash 2013).

Despite the presumed positive influence of stickiness on the adoption of ZDCs, we 
also found strong evidence that stickiness tends to increase the risk of soy-deforestation, 
supporting our second hypothesis on the link between stickiness and effectiveness of 
commitments. Moreover, traders committed to zero-deforestation with higher levels of 
stickiness also show higher risks of territorial deforestation. Both findings suggest that 
stickiness may undermine the implementation and overall effectiveness of ZDCs at the 
traders’ level. This explanation could be because sticky traders drive continued demand for 
soy from certain regions, which may send encouraging signals to actors on the ground to 
expand production (Richards et al 2012). Moreover, stickiness may also give rise to lock-in 
effects where traders become dependent on certain suppliers, thus hindering traders from 
switching to producers complying with ZDC-criteria (Schmitz et al 2016). Effectiveness of 
ZDCs could in some cases be further undermined if the adoption of ZDCs leads to a situation 
where producers continue to deforest to produce soy, whilst selling to intermediaries instead 
of through direct contracts(Meyfroidt et al 2018, Alix-Garcia and Gibbs 2017, Carvalho 
et al 2019).

Conversely, low-stickiness traders may more easily achieve a ZDC, but if only by 
switching to low-deforestation sourcing regions, this may not necessarily contribute to more 
effective deforestation reduction on the ground. We highlight that we did not find any 
evidence that the ZDCs reduce native vegetation loss, regardless of the level of stickiness. 
This finding is consistent with recent literature for individual ZDCs (zu Ermgassen et al 
2020). In contrast, for the ASM as a collective ZDC, the literature shows it effectively 
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reduces deforestation (Heilmayr et al 2020b). These two studies nuance the interpretation 
that stickiness is indeed thwarting the effectiveness of ZDCs, as it could also be that at the 
end of our study period (i.e., the year 2017), no action had been taken yet to implement 
the individual commitments.

A limitation of our study is that, as explained in the introduction, our stickiness metric 
captures and reflects several underlying dynamics, including lock-in effects, trust, and certain 
power dynamics. Thus, the data do not allow us to identify which of these factors are more 
influential in the adoption and effectiveness of ZDCs. Whilst there are reasons to believe 
that stickiness is a useful proxy for these value chain dynamics, additional data are required 
to attribute the overall effect of stickiness to these underlying factors. These factors may 
influence ZDC adoption and effectiveness in different, contradictory ways. Furthermore, 
due to the small number of traders with ZDCs in our sample, our analysis may suffer from a 
lack of statistical power, potentially resulting in type II errors, i.e., failing to identify certain 
statistical significance effects that are occurring. Moreover, given that the supply chain 
data are aggregated at the municipality level, it is conceivable that our conclusions do not 
hold at the property level (an example of the ecological inference problem; Freedman et al 
1998). Yet, assessing ZDC at municipality level allows to account for local spillovers and 
thus measures ZDC’s effectiveness at jurisdictional level beyond the specific sourcing farms 
(Leijten et al 2021, Godar et al 2016). Further research could explore the extent to which 
our qualitative conclusions hold in other supply chains or at more disaggregated levels, 
assuming future data availability.

Despite these limitations, our study contributes to a burgeoning empirical literature on the 
effectiveness of ZDCs (Bager and Lambin 2020, Moffette and Gibbs 2019, zu Ermgassen 
et al 2020). Our study builds on this work by highlighting the concept of stickiness as a 
potential proxy for unobserved value chain dynamics that may influence the adoption and 
effectiveness of ZDCs and other corporate sustainability initiatives. Whilst our findings 
suggest that stickiness incentivises traders operating in the Brazilian soy export sector 
to adopt ZDCs, they also show that, up until 2017, stickiness may have counteracted 
their effectiveness. This finding suggests that additional strategies, such as public-private 
partnerships (Furumo and Lambin 2020), moratoria (Soterroni et al 2019), certification 
schemes (van der Ven et al 2018) and enhanced representation of upstream actors in ZDCs 
(Virah-Sawmy et al 2019) may be needed to support the implementation of ZDCs and to 
eliminate deforestation.

4
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Projecting global oil palm expansion under  
zero-deforestation commitments: direct and indirect 

land use change impacts

In the last three decades, global production of oil palm has boomed, which has 
partly come at the expense of tropical rainforests. Recognizing this, many companies 
operating in the palm oil industry have committed to eliminate deforestation from their 
operations, often referred to as Zero-Deforestation Commitments (ZDCs). However, 
even if such pledges are fully adopted and enforced, there are large uncertainties 
as to how they may affect land use and in particular, the area under oil palm across 
the globe. Here, we combine a multi-commodity, multiregional comparative static 
computable general equilibrium model with a dynamic land use model to assess 
the effect of ZDCs on oil palm and other land uses, as well as the degree to which 
conversion of natural areas may be avoided or displaced. We estimate that if ZDCs 
are fully adopted and enforced across all sectors and geographies, the global extent 
of oil palm plantations may be 11 Mha or 40% smaller in 2030 than in a Business-As-
Usual (BAU) scenario that assumes no compliance with ZDCs. The total area devoted to 
other crops, forestry, and pastureland in oil palm-producing countries is also expected 
to decrease as a result of globally enforced ZDCs, although the percentage changes 
relative to the BAU scenario are smaller. As a result of such land-sparing effects, we 
estimate that 96 Mha of forests are saved from conversion, of which, 17% would 
otherwise have been converted (directly or indirectly) due to expanding oil palm 
plantations. Overall, these figures suggest that ZDCs have the potential to deliver 
major environmental benefits if they are fully implemented across all industries and 
regions. Given the goals of international agreements to eliminate deforestation by 
2030, this should motivate the international community to increase the uptake, but 
also the enforcement of ZDCs.

This chapter is under review as:
Leijten, F., Baldos, U., Johnson, J.A., Sim, S., and Verburg, P.H. and Meyfroidt, P., 2022. 

Projecting global oil palm expansion under zero-deforestation commitments: 
 direct and indirect land use change impacts
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5.1.	 Introduction

In the last three decades, global production of oil palm (Elaeis guineensis) fresh fruit bunches 
(FFBs) has boomed, increasing by nearly 600% (FAOSTAT 2021). Oil palm provides two 
types of vegetable oil: palm oil and palm kernel oil. These oils are used in a variety of 
applications including foods, soaps, detergents, cosmetics, pharmaceuticals, and biofuels 
(Corley and Tinker 2015). Although the yields vary substantially depending on the age of 
the plantation (Woittiez et al 2017), the time-averaged yields of palm oil per hectare are 
by far the highest of all oil crops (Carrasco et al 2014). Over the last decades, palm oil has 
become the most consumed and traded vegetable oil in the world and demand will very 
likely continue to grow in the near future (Bentivoglio et al 2018, OECD and FAO 2020, 
Mosnier et al 2017).

However, in contrast to other major agricultural commodities such as rice or wheat, 
increased demand for oil palm has mostly been met by expanding the total area under 
production rather than intensification (i.e. increasing yields on existing production areas 
(Byerlee et al 2016). This has resulted in an increased area of oil palm plantations of more 
than 350% – from 6 to 28 M hectares (ha) – since 1990 (FAOSTAT, 2021, see Appendix A 
Figure 1). As oil palm only grows in the tropics, this expansion has partly come at the expense 
of tropical rainforests (Qaim et al 2020). This is especially true for Southeast Asia, which 
is the largest palm oil producing region of the world, accounting for 84% of production in 
2018 (FAOSTAT). It is estimated that around 45% of all new oil palm plantations established 
in Southeast Asia since 1989 have replaced forests (Vijay et al 2016).

At the same time, there are large opportunities for the expansion of oil palm plantations 
outside tropical forests (Smit et al 2013, Pirker et al 2016) and recent evidence suggests that 
recent oil palm expansion in Latin America has been largely deforestation-free (Furumo and 
Aide 2017, Brandão et al 2021). In recent years, many companies involved in the palm oil 
industry have pledged to eliminate or reduce deforestation from their supply chains. These 
pledges are often referred to as Zero-Deforestation Commitments (ZDCs) (Lambin et al 2018). 
As of April 2020, 83% of the palm oil refining capacity in Indonesia and Malaysia (which, 
together, accounted for 84% of global production between 2010 – 2019; FAOSTAT, 2021) 
was covered by ZDCs (ten Kate et al 2020).

Whilst various studies have considered the past effectiveness of ZDCs (Leijten et al 
2022, Heilmayr et al 2020b, zu Ermgassen et al 2020), less attention has been given to 
understanding how full implementation and enforcement of ZDCs could potentially play 
out in terms of future global land use and land use change. The difficulty in predicting the 
potential impacts of ZDCs arises from the necessity to construct a plausible counterfactual, 
i.e., a scenario of what would happen in the absence of ZDCs. Such an assessment should 
account for global market-mediated effects that may occur in response to the implementation 
of ZDCs as well as for local differences in land availability, land suitability and baseline 
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changes in the economy. Mosnier et al (2017) provided an ex-ante assessment of the 
overall forest loss that may be avoided due to ZDCs in Indonesia but did not account for 
economy-wide effects and spillover effects in other countries. Such spillover effects have 
the potential to seriously undermine the effectiveness of ZDCs (see e.g., Meyfroidt and 
Lambin, 2009). Taheripour et al (2019) offered a comprehensive, global assessment of the 
amount of deforestation that may be avoided if certain economic policies are adopted by 
the Indonesian and Malaysian government, but they did not consider the role of ZDCs in 
curbing deforestation. Furthermore, both studies only assessed aggregate forest loss at the 
country level and did not consider spatialised deforestation outcomes within countries. As 
impacts depend on the spatial patterns of forest loss, more spatially explicit assessments 
are needed to anticipate the potential environmental benefits of the ZDCs (Lam et al 2019).

The objective of this chapter is to make a spatial assessment of how the worldwide 
implementation of zero-deforestation commitments across all agricultural commodities, 
economic sectors and geographies could alter the spatial configuration of oil palm and other 
land uses up until 2030 whilst accounting for expected baseline changes in the economy. The 
analysis will facilitate an evaluation of the extent to which fully executed ZDCs may moderate 
conversion of forests and other (semi) natural areas over this time period. We link the results 
from a computable general equilibrium model with a dynamic land use change model to 
project how land use may evolve under two scenarios: a business-as-usual (BAU) scenario 
assuming no implementation of ZDCs and a ZDC scenario assuming full implementation 
and enforcement of ZDCs across all economic sectors. The spatial distribution of oil palm 
and other land uses is modelled from 2014 (the most recent reference year for which global 
economy-wide data are available) up until 2030. The year 2030 coincides with the target 
year of the 2014 New York Declaration on Forests (Schulte et al 2019); a declaration signed 
by more than 200 companies, governments, non-governmental organizations and groups 
representing indigenous communities to end all global natural forest loss.

5.2.	 Methodology

5.2.1.	 Overall approach

We took a stepwise approach to project changes in oil palm area from 2014 up to 2030, 
as a result of fully implemented and enforced ZDCs. We first employed a multi-commodity, 
multiregional comparative static computable general equilibrium model to make baseline 
projections of economic activity up to 2030, assuming no compliance with ZDCs (see 
section 2.2). This model operates at a spatial resolution of 37 world regions, stratified by 18 
global Agro-Ecological Zones (AEZs), resulting in 337 region-specific AEZs (see Appendix 
A Figures 2 & 3), and accounts for legally protected areas. To account for heterogeneity in 
the area available for cropland expansion across the different regions, we calibrated the 
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model with new spatially explicit estimates of region-specific supply of available land, also 
referred to as land supply asymptotes (see section 2.3). We then constructed an alternative 
scenario that assumes full implementation of and compliance with ZDCs (section 2.4) but 
otherwise equal to the BAU scenario. This scenario implies a reduction in the supply of 
land available for expansion equal to the areas covered by ZDCs, and hence, simulates a 
potential change in both the supply and demand of oil palm, and other crops, relative to the 
baseline scenario. The outcomes of these two scenarios were then used to model the spatial 
distribution of oil palm plantations within each oil palm producing region up to 2030, using 
a spatially explicit and dynamic land use change model, operating at a spatial resolution 
of 10 x 10 km (section 2.5). This model accounts for competition between all land uses for 
space and can therefore simulate displacement of land uses. Comparison of the land use 
configurations resulting from these two scenarios provides an indication of the potential 
influence of ZDCs on oil palm and other land uses up to 2030. A stylized flowchart of the 
methodology is shown in Figure 1.

Figure 1 – Flowchart of the methodology. Maps above the flowchart indicate the spatial resolution of 
each step in the modelling process. Downscaled land use projections are only made for oil palm-produc-
ing regions. CGE denotes computable general equilibrium model. BAU denotes Business-As-Usual. ZDCs 
denotes zero-deforestation commitments.

5.2.2.	 Computable general equilibrium modelling

Computable general equilibrium (CGE) models are systems of mathematical equations that 
describe economies as a whole and the interaction among their parts (Burfisher 2011). 
They are based on the premise that market economies will tend towards market-clearing, 
which occurs when the aggregate supply of goods and services equals aggregate demand. 
Producers are assumed to choose levels of input and output that minimize costs and consumers 
are assumed to maximize their utility subject to budget constraints. Policy changes can be 
simulated by changing exogenous variables of the model, which leads to a reallocation of 
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labour, capital and land across sectors and geographies, until the system reaches equilibrium 
again. Responsiveness of producers and consumers to changes in relative prices and income 
is simulated by empirically calibrated elasticities of supply and demand.

In order to model the global market-mediated effects of ZDCs from 2014 up to 2030, 
we employed the most recent version of the Global Trade Analysis Project with differentiated 
Ago-Ecological Zones (GTAP-AEZ) CGE model (Johnson et al 2021) using the most recent 
GTAP database (Aguiar et al 2019). The database describes the world economy in 2014, 
disaggregated into 65 different sectors and 37 different regions (see Appendix A Figure 
2). Given that coverage of ZDCs across industries and regions was far from 100% in 2014, 
our model experiment is hypothetical as it does not inform on the actual effectiveness of 
ZDCs. Instead, the model experiment is designed to capture the potential effects that could 
be induced by ZDCs if they were fully implemented across industries and regions.

To account for likely macroeconomic trends between 2014 – 2030 that are unrelated 
to the adoption of ZDCs, we constructed a baseline or BAU scenario for the year 2030 
that is largely consistent with the second Shared Socioeconomic Pathway (SSP), a scenario 
where socioeconomic trends broadly follow their historical patterns (van Vuuren et al 2017, 
O’Neill et al 2014). Following Johnson et al (2021), we used growth rates of real GDP, 
capital stock, population, unskilled and skilled labor from ECONMAP (v2.4) (Fouré et 
al 2013) which are calibrated based on the SSP2 scenario. Sector specific productivity 
growth for ruminants and non-ruminants are taken from Ludena et al (2007). Due to lack of 
estimates for forest sector productivity growth, agricultural productivity growth figures are 
also taken from Ludena. Following Chateau et al (2020), a 2% productivity growth gap 
between manufacture and service sectors is also imposed. Finally, to account for baseline 
growth rates in crop yields, we used data from FAOSTAT (2021) and extrapolated yields 
up until 2030 based on the observed linear growth rate between 1998 – 2014 (given the 
reference year of the GTAP database) for each agricultural commodity group within each 
region in the GTAP database. To remain consistent with official projections, we scaled these 
projections using the global yield projections from the OECD-FAO Agricultural Outlook 
(OECD-FAO, 2018; OECD/FAO, 2021).

A special feature of GTAP-AEZ is that, in contrast to the standard GTAP model (Hertel 
1997, Corong et al 2017), each region is further disaggregated into spatially heterogeneous 
land endowments or AEZs. These AEZs are determined based on climatic zones (tropical, 
temporal and boreal) and the length of the growing period (6 x 60-day intervals, see Lee et 
al., 2005), resulting in 18 different AEZs that may intersect multiple countries (see Appendix 
A Figure 3). Within each region-specific AEZ (337 in total), the supply of available land 
is modelled using an empirically calibrated asymptotic curve specifying the relationship 
between land supply and the real land rental rate (Woltjer and Kuiper 2014, Eickhout 
et al 2009). The land supply curves are predicated on the assumptions that expansion 
occurs within the most productive areas that are still available and that the land rental rate 
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monotonically increases whenever the supply of available land decreases (see Figure 2). 
The maximum area available for expansion within each region-specific AEZ is constrained 
by a prespecified land supply asymptote. As land supply is critical in our scenarios, spatial 
differences in land availability need to be accounted for in the most accurate way. Therefore, 
we updated GTAP-AEZ by including new estimates of the land supply asymptotes for each 
region-specific AEZ (see section 2.3), thereby better accounting for the constraints to land 
availability defined by earlier studies (Eitelberg et al 2015, Lambin et al 2013).

A challenge for our model experiment is that the most recent GTAP database aggregates 
all oil crops (including oil palm) into one sector. Hence, to distinguish between oil palm and 
other oil crops in our analysis of GTAP outcomes, we used data from FAOSTAT (2021) on the 
area and production volumes of oil palm and other oil crops over the period 1998 – 2019 
and made region-specific projections with respect to the oil palm share up until 2030. We 
considered 4 alternative approaches to project the share of oil palm and used the period 
2015 – 2019 to evaluate the accuracy of each approach within each region. Accuracy was 
measured through the Root Mean Square Error (RMSE) of the predictions. For each region, 
we identified the approach with the lowest RMSE during the period 2015 – 2019 and used 
it to make projections up until 2030, provided that the RMSE in the period 1998 – 2014 
was not unreasonably high (i.e., more than 2 times the size of the approach with the lowest 
RMSE during the period 1998 - 2014). The 4 different approaches were based on linear 

Figure 2 – Stylized graph – adapted from Overmars et al (2014) – showing the relationship between 
land rental rates and the supply of land under two scenarios: a baseline scenario assuming no compliance 
with Zero-Deforestation Commitments (ZDCs) and an alternative scenario assuming full implementation 
of ZDCs. Land availability is constrained by the land supply asymptote: all areas beyond the asymptote 
are assumed to be unavailable for agricultural production. Implementation of ZDCs implies a leftward 
shift of the land supply asymptote as it involves an increase in the area that is protected from agricultural 
encroachment. 
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and quadratic extrapolations of the observed share over the period 1998 – 2014, constant 
value extrapolations using the observed share in 2014, and constant value extrapolations 
using the observed average share in the period 2010 – 2014 (see Appendix A Figure 5 for 
an overview of the different approaches by region). To explore the sensitivity of our results 
to the choice of attribution method, we present alternative results using the observed share 
of oil palm in 2019 as a parameter to attribute changes in the oil crop sector to oil palm.

5.2.3.	 Land supply asymptotes

To estimate the extent of area that is potentially available for cropland expansion within each 
region-specific Agro-Ecological Zone (AEZ), we took three steps (see Appendix A Figure 6 
for a flowchart of the methodology). We first identified areas where cropland could possibly 
expand given certain biophysical, socio-economic, and institutional constraints through a 
residual approach. This means, we computed the total area within each region-specific 
AEZ after excluding areas already under cultivation, areas biophysically unsuitable for 
cropland cultivation, legally protected areas, rough terrains, and urban areas (see Table 1 
and Appendix C for further details). To harmonize the different input data, all data were 
resampled to a 1 km2 grid.

Second, to account for tiny landscape features that inhibit cropland expansion but 
cannot be detected at a 1 km2 resolution (e.g., roads, rocky outcrops, water infrastructure, 
hedgerows, buildings etc.) we multiplied the extent of the remaining area of each region-
specific AEZ by 0.85. This parameter is based on Verburg et al (2009), who estimated that 
across different agriculturally dominated landscapes about 15% of the area is not used for 
crop cultivation. This approach for calculating available land may over- or underestimate 
the extent of the available area that can be harvested as it does not account for multiple 
cropping and fallow systems (Waha et al 2020, Siebert et al 2010). Therefore, for each 
AEZ, we further multiplied the extent of the total area available for expansion by the 
estimated region-specific multiple cropping intensity in 2014. This approach assumes that 
the multiple-cropping intensity within each region-specific AEZ remains constant between 
2014 – 2030. To reduce the influence of outliers (areas with either extremely high or low 
cropping intensities, see Appendix A Figure 7), we constrained the cropping intensities to lie 
in the range 0.5 – 2.0. Formally, this means we computed the area available for cropland 
expansion within each region-specific AEZ as follows:

Chapter 5 

79 

 

cropping intensity within each region-specific AEZ remains constant between 2014 – 2030. 
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where !"#$%#&%'	#)'#! denotes the available area within region-specific AEZ i in hectares;  
-!! denotes the total terrestrial area in hectares; /!! denotes the total area unsuitable for 
cropland expansion in hectares; and 56! denotes the cropping intensity. Cropping intensities 
were estimated by computing for each region-specific AEZ the ratio of the harvested area of 
all crops in the GTAP database (Aguiar et al 2019) to the total extent of cultivated area, 
based on the 10 arc-seconds resolution ESA-CCI satellite-based land cover map for the year 
2014 (Defourny et al., 2017; see Table 1 for further information).  
  Finally, we summed the total harvestable area available for expansion and the total 
area harvested in 2014 to arrive at an estimate of the land supply asymptote for each region-
specific AEZ (see Appendix A Figure 8a).  
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where Available areai denotes the available area within region-specific AEZ i in hectares; 
TAi denotes the total terrestrial area in hectares; UAi denotes the total area unsuitable for 
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cropland expansion in hectares; and CIi denotes the cropping intensity. Cropping intensities 
were estimated by computing for each region-specific AEZ the ratio of the harvested area 
of all crops in the GTAP database (Aguiar et al 2019) to the total extent of cultivated area, 
based on the 10 arc-seconds resolution ESA-CCI satellite-based land cover map for the year 
2014 (Defourny et al., 2017; see Table 1 for further information).

Table 1 – Criteria used to identify areas unsuitable for cropland expansion

Indicator Source Original 
resolution

Data 
processing

Classification rule

Agricultural suitability for 
the 16 most important 
food and energy crops 
based on climatic, soil and 
topographic conditions

Zabel et al 
(2014)

30 arc seconds 
(approximately 
1 x 1km at the 
equator)

Resampled 
to a 1000 
x 1000 m 
resolution using 
the nearest 
neighbour 
method

All grid cells classified 
as unsuitable by 
(Zabel et al 2014) 
were assumed to be 
available for expansion

Existing cropland ESA-CCI – 
Defourny et 
al (2017); 
reference 
year: 2014

10 arc seconds 
(approximately 
300 x 300 m at 
the equator)

Resampled 
to a 1000 
x 1000 m 
resolution using 
the majority 
resampling 
method

All areas classified as 
“Cropland, rainfed”, 
“Cropland, irrigated 
or post-flooding” 
were assumed to 
be unavailable for 
expansion. For the 
two mosaic classes, 
(“Mosaic cropland 
(>50%) / natural 
vegetation (< 50%)” 
and “Mosaic natural 
vegetation (>50%) / 
cropland (< 50%)”), a 
cropland fraction of 58 
and 38% was assumed, 
respectively

Legally protected areas UNEP-
WCMC 
& IUCN, 
(2018)

N.A. (shapefile) Rasterized to a 
1000 x 1000 
m grid

All protected areas 
were assumed to 
be unavailable for 
expansion

Rough terrains (steep 
slopes)

Lloyd (2016) 100 x 100 m Resampled 
to a 1000 
x 1000 m 
resolution using 
the majority 
resampling 
method

Region-specific slope 
threshold based on the 
top 5% slope values 
within existing cropland 
areas. A minimum 
threshold of 10 degrees 
was imposed.

Urban areas ESA-CCI – 
Defourny et 
al (2017); 
reference 
year: 2014

10 arc seconds 
(approximately 
300 x 300 m at 
the equator)

Resampled 
to a 1000 
x 1000 m 
resolution using 
the majority 
resampling 
method

All areas classified 
as “Urban areas” 
were assumed to 
be unavailable for 
expansion

5
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Finally, we summed the total harvestable area available for expansion and the total area 
harvested in 2014 to arrive at an estimate of the land supply asymptote for each region-
specific AEZ (see Appendix A Figure 8a).

5.2.4.	 Implementation of zero-deforestation commitments 

Implementing ZDCs involves reducing the (forest) area available for cropland expansion 
and hence, shifting the land supply asymptote to the left (see Figure 2). There are large 
uncertainties regarding the spatial coverage of ZDCs as the uptake and specificity of 
ZDCs varies across individual firms, commodities, and regions (Jopke and Schoneveld 
2018). Nevertheless, common criteria outlined in many ZDCs are the protection of High 
Conservation Value Forests (HCVF) and High Carbon Stock Forests (HCSF). At least 78% 
of the palm oil refining capacity in Indonesia and Malaysia is covered by commitments 
which include these criteria (ten Kate et al 2020) and the uptake of similar commitments in 
other industries and regions is on the rise (Cheyns et al 2019, Areendran et al 2020). We 
used data from Leijten et al (2020) on the likely spatial distribution of HCVFs and HCSFs to 
delineate areas covered by ZDCs (see Appendix A Figure 8). We focussed on a middle-of-
the-road estimate, which includes all tropical peatland forests and all forests with at least two 
overlapping HCVF categories or with at least 75 t C ha-1 if located in the tropics (see Leijten 
et al for further details). Updated estimates of the land supply asymptotes that account for 
the coverage of ZDCs are presented in Figure 8b of Appendix A. To explore the robustness 
of our results, we present alternative results using the top and bottom range estimates of the 
likely spatial extent of HCVFs and HCSFs. The low estimate (i.e. least protective) is based 
on three overlapping HCVF categories with a 75 t C ha-1 threshold while the upper estimate 
only requires one HCVF category with a 35 t C ha-1 threshold.

5.2.5.	 Spatial land use modelling

We used the GAEZ-AEZ output as input for a dynamic land use model to simulate the spatial 
dynamics of oil palm and other land systems within all oil palm producing regions.

5.2.5.1.	 CLUMondo
CLUMondo is a spatially explicit and recursive dynamic land change model that can be 
used to simulate the spatial dynamics of land systems (Schulze et al 2021, van Asselen and 
Verburg 2013). One of the unique features of the model is that it incorporates multifunctional 
land systems, i.e., land systems that provide multiple types of goods and services. To simulate 
future land use configurations, the model uses an iterative procedure where grid cells are 
allocated to the land system with the highest transition potential. Transition potentials are 
calculated for each individual land system though the following formula:

Ptransi,t,LS = Ploci,t,LS + PresLS + Pcompt,LS + Pneighi,t,LS� (2)
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where Ptransi,t,LS represents the overall transition potential to land system LS in grid cell i at time 
t, Ploci,t,LS represents the local suitability of land system LS (see section 2.5.2), PresLS represents 
the conversion resistance of land system LS, proxying conversion and investment costs as 
well as cultural attachments to the current land use (see section 2.5.3), Pcompt,LS represents 
the relative competitive advantage of land system LS, determined by the demand for the 
different products/services delivered by the land system (section 2.5.4) and Pneighi,t,LS denotes 
the neighbourhood influence, representing agglomeration processes, for example due to 
economies of scale (2.5.5). By iteratively updating Pcompt,LS, the model constructs a spatial 
configuration of land use such that meets the aggregate demand of goods and services 
within each region, here represented by the demand projections of the GTAP-AEZ model. 
Further details on the allocation procedure can be found in Van Asselen and Verburg (2013).

To simulate the likely future spatial distribution of oil palm (given the GTAP-AEZ 
projections), we first created a 10 x 10 km land use map for the year 2014, the reference 
year of the GTAP-AEZ database. The land use map was primarily based on the 2014 ESA-
CCI land cover map (Defourny et al., 2017), which we reclassified into 8 distinct land cover 
classes (see Table 1 of Appendix B). To distinguish oil palm producing systems from other 
systems, we overlaid the resulting land cover map with a remotely sensed oil palm map 
from (Descals et al 2021), aggregated to a 10 x 10 km resolution. We classified all grid 
cells with at least 50% oil palm cover as oil palm areas. Grid cells with 10 – 50% oil palm 
cover were classified as oil palm mosaics, which in addition to oil palm, produce a variety 
of other agricultural commodities (see below). GTAP regions with no oil palm areas or oil 
palm mosaic (according to the Descals map) were excluded from the analysis.

Demand for all other agricultural commodities is supplied by either cropland areas 
or cropland mosaics (which, like oil palm mosaics, represent a mixture of different land 
uses). As these two cropland categories vary in their agricultural intensity across space, we 
distinguished between high yielding systems, medium yielding systems, and low yielding 
(or extensive) systems. To classify cropland areas and cropland mosaics into these three 
different yielding systems, we overlaid the land use map with spatially explicit data (10 x 
10 km) on the yields of all agricultural crops from the International Food Policy Research 
Institute (2019) and divided the data into quantiles. More specifically, we computed the sum 
of all yields within each pixel and selected the three top quintiles to differentiate between 
high yielding, medium yielding and low yielding systems, respectively.

Finally, to distinguish grasslands that are intensively grazed from other grasslands, we 
used spatially explicit data (10 x 10 km) on the distribution of cattle in 2010 from Gilbert 
et al (2018). Grasslands within the top octile (12.5%) of the cattle density distribution were 
assumed to be intensively grazed. Figure 3 shows the resulting land use map. Regions with 
no or barely any oil palm area were excluded from the analysis. This includes China and 
Madagascar, which both accounted for less than 0.23% of global oil palm area in 2014 
(FAOSTAT, 2021).

5
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Figure 3 – Initial land use map used in the CLUMondo simulations. Zoom maps zero in on major oil 
palm-producing regions. Non- oil palm-producing regions are greyed out. Reference year is 2014.

5.2.5.2.	 Local suitability
Local suitability (Ploci,t,LS; see equation (2)) of the different land systems was assessed based 
on empirically quantified relations between land use patterns and several explanatory 
variables, using a logistic regression analysis for each land system within each oil palm 
producing region. Table 2 lists all 44 predictor variables used in the regression analysis (see 
Table 2 of Appendix B). Model selection was done through a backward model selection 
procedure based on Akaike’s Information Criterion. To avoid multicollinearity, predictor 
variables with intercorrelations exceeding 0.8 were removed from the analysis.

To allow for dynamic changes in local suitability, we used spatiotemporal predictions of 
total and rural population density up to 2030 from CIESIN (2018). The data were linearly 
interpolated for years for which no predictions were available.

5.2.5.3.	Conversion resistance
For each land system in each region, a parameter was specified that captures the degree 
to which it is resistant to any type of land system conversion (PresLS, in equation (2). Land 
systems that involve large capital investments are typically more resistant to change (Mellino 
et al 2015). Oil palm plantations typically require a large amount of capital investment, 
especially since they only start bearing fruit in the third or fourth year after establishment 
(Rist et al 2010). For that reason, we assumed that oil palm plantations tend to be relatively 
resistant to change, whereas land systems requiring little capital investment (e.g., extensive 
croplands) were assumed to be more reversible.

In addition to conversion resistance, the spatiotemporal dynamics of the simulation are also 
influenced by a prespecified land conversion matrix that stipulates the type of land system 

Floris - v6g.indd   94Floris - v6g.indd   94 25-08-2022   11:4325-08-2022   11:43



95

Projecting global oil palm expansion under zero-deforestation commitments

conversions that are allowed and how long it takes before such conversions may take place. 
Given the time lag between the establishment of an oil palm plantation and the yielding period, 
the land conversion matrix was specified such that oil palm plantations can only be established 
after three years with stable land use. Finally, we also assumed, based on the estimates of Liebsch 
et al (2008), that after a period of 30 years, open forest may mature into dense forest. In the 
absence of detailed information on the history of each land system, we assigned a random 
number to all pixels indicating the number of years that the land system is already in place. All 
other land conversion rules developed for this analysis can be found in Table 3 – 4 of Appendix B.

5.2.5.4.	Relative competitive advantage
The relative competitive advantage (Pcompt,LS in equation (2)) of a land system in a certain 
region is determined through an iterative procedure in which the provided goods and 
services are compared to the total demand for those goods and services in the same 
region. Drawing on the GTAP-AEZ projections, we distinguished between five different 
types of demand: forestry, oil palm, other agricultural commodities, pastureland and urban 
areas (see Table 3). As our GTAP-AEZ results only provide predictions for the year 2030, 
we interpolated the annual changes in demand between 2014 – 2030 based on the 
compounded growth rate of each type of demand.

To ensure consistency with the GTAP projections, both in terms of area allocated to crops 
as well as to production volumes, the allocation was constrained by both the hectarage and 
the production volume. Given these constraints, the land allocation procedure determines 
the area and distribution of production in terms of low, medium and high intensity land 
systems (see section 2.5.1).

Since GTAP-AEZ does not solve for the amount of urban land in a region, we used global 
projections of future urban land expansion for the years 2020 and 2030 that are consistent 
with the SSP2 scenario from Chen et al (2020a). Future expansion patterns of urban land 
were assumed to be independent of the implementation of ZDCs.

To determine the quantities of the different goods and services that each land system 
provides per unit area, we took two steps. First, we used the aggregate demand values 
for the year 2014 to compute the average yield per grid cell across all the yielding land 
systems. Second, to calibrate the relative yields of the different land systems, we used several 
spatially explicit datasets on yields or production area ratios from the International Food 
Policy Research Institute (2019) and computed the relative yields of the different systems. 
Spatially explicit data on production forests and grazing grasslands were sourced from 
Schulze et al (2019) and Gilbert et al (2018). 

Finally, to attribute changes in land use to changes in oil palm demand, we compared 
the outcomes of our BAU and ZDC CLUMondo runs with two counterfactual scenarios (one 
for each scenario) that keep demand for oil palm constant until 2030 but are otherwise 
equal to the BAU scenario. This approach ensures that the oil palm-driven changes in land 
use can be distinguished from the other non-oil-palm driven changes in land use.

5
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Table 3 – Specification of region-specific demand scenarios for the CLUMondo simulations. ‘Other 
agricultural commodities’ represents the residual of the output of all agricultural sectors in the GTAP 
database after subtracting oil palm output.

Demand type

Forestry 
(ha)

Oil palm 
(ha)

Other 
agricultural 
commodities 

(ha and metric 
tonnes)

Pastureland 
(ha)

Urban 
(ha)

Cropland - extensive x

Cropland - intensive x

Cropland - medium intensive x

Dense forest x

Grassland x

Grazing grassland x

Mosaic - extensive x x

Mosaic - intensive x x

Mosaic - medium intensive x x

Oil palm x

Oil palm - mosaic x

Open forest x

Shrubland and herbaceous

Urban x

5.2.5.5.	Neighbourhood influence
Land use changes are often influenced by the spatial configuration of land use in 
neighbouring areas. For example, it has been found that the strongest determinant of oil 
palm expansion in Malaysia is accessibility to previously existing plantations (Shevade and 
Loboda 2019). This is especially important for oil palm as several plantations often deliver 
to one single mill, which has to be in close proximity. To account for such neighbourhood 
influences (Pneighi,t,LS, in equation (2)), we used a 3 x 3 kernel function to adjust the transition 
potential in each grid cell for each land system, depending on the land system configuration 
in neighbouring grid cells. The magnitude of the neighbourhood effect was determined by 
a set of weight factors (see Table 2 of Appendix B) and the fraction of the neighbourhood 
that is occupied by each land system. Given that some land systems produce multiple goods 
(e.g., oil palm mosaics produce both oil palm and other crops), we scaled the weight factors 
depending on the average area composition of each land system.

Finally, in light of the empirically supported theory that intensification is more likely to 
occur if land availability is scarce (Kyalo Willy et al 2019, Hadush et al 2019, Boserup 
1965), we followed Van Asselen and Verburg (2013) by implementing a function that 
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promotes cropland intensification under limited land availability and extensification under 
high land availability. Land availability within each 3 x 3 kernel was measured based on 
the land supply asymptotes specified in section 2.3.

5.3.	 Results

5.3.1.	 Effects on oil palm area and other types of land use

The results of the GTAP experiments show that the global oil palm area in 2030 under the 
ZDC scenario is nearly 3 Mha or 14% smaller relative to the area in 2014 (see Figure 10 of 
Appendix A). As the global area under oil palm is expected to expand by 42% under the 
BAU scenario during the same period, the worldwide implementation of ZDCs leads to a 
39% smaller oil palm area relative to the BAU scenario up until 2030. The reduction in oil 
palm area due to ZDCs is largest in Indonesia (6.3 Mha), Malaya (2.4 Mha) and Nigeria 
(0.8 Mha; see Figure 4). These results are rather sensitive to how the share of oil palm in 
the aggregate oil crop sector of GTAP is calculated (see section 2.2). If it is assumed that 
the share of oil palm in 2030 equals the observed share within each GTAP region in 2019, 
the global oil palm area expands by 19% between 2014 – 2030 under the BAU scenario 
and reduces by 28% under the ZDC scenario over the same period.

Figure 4 – Spatial overview of the ZDCs-induced difference in oil palm area relative to the BAU scenario 
in 2030. In all regions, the difference represents a reduction in oil palm area.

The large differences in oil palm area are partly a result of land scarcity-induced 
increases in oil palm yields, resulting in a 18% increase in oil palm yields. On average, oil 
palm yields go up by 2.7 M metric tonnes or 4.6 M metric tonnes if regions are weighted 
according to their production share in 2014. Increases in oil palm yields are estimated to 
be highest in Malaysia, Indonesia, and Colombia (see Figure 5).

5
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In addition to boosting yields, the ZDC-induced increase in land rental rates will partially 
translate into an increase in global commodity prices (see Figure 11 of Appendix A) and 
hence a reduction in the demand for oil palm. Whereas oil palm production increases by 
42% under the BAU scenario between 2014 – 2030, it only increases by 1% under the 
ZDC scenario. Thus, due to ZDCs, the global production of oil palm FFB relative to the BAU 
scenario is expected to decrease by 29% or 117 M metric tonnes.

The results also indicate that ZDCs will partially displace production to new areas and 
encourage inter crop substitutions. Production of oil crops is expected to increase by 7.4 
M metric tonnes in non-oil palm producing countries (which equates to 0.9% of the global 
production in 2014). It is likely that some of the production of oil palm will also be displaced 
to other oil palm-producing regions with potentially more land availability. However, Figure 
4 shows that none of these regions experience a net increase in oil palm due to ZDCs, which 
implies that any such effects are offset by the demand and yield effects.

In addition to a major difference in oil palm area, total area devoted to other crops, 
forestry, and pastureland is also expected to decrease relative to the BAU scenario, although 
the percentage changes are smaller (ranging from -10 to -20%). Apart from oil palm, major 
reductions are expected in the area devoted to fruit and vegetables, coarse grains, and 
rice (see Figure 12 of Appendix A).

These results remain largely robust if the alternative estimates of ZDC coverage are used 
(see section 2.4), with the projected reduction in oil palm area relative to BAU conditions 
varying from 38 – 42%. Results for the other land use types are similar too, with the 
percentage reductions in area varying in the range of 9 – 26%.

Figure 5 – Spatial overview of the impact of zero-deforestation commitments on oil palm yields in 2030 
(relative to the BAU scenario).
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5.3.2.	 Effects on natural areas

Due to the reduction in oil palm area and other land uses, ZDCs are estimated to avoid a 
lot of encroachment into (semi-) natural areas, which include dense forests, open forests, 
shrublands and grasslands. Based on our CLUMondo simulations, we estimate that 53 Mha 
of dense forests and 43 Mha of open forests are saved from conversion, of which 26% and 
6%, respectively, would otherwise have been cleared due to expanding oil palm plantations 
(Figure 6; note that this includes both direct and indirect oil palm-driven conversions). 
However, as there are large forests outside the scope of ZDCs (see Figure 9 of Appendix 
A), their implementation triggers a chain of displacement effects in the simulations. Around 
13 Mha of dense forests and 26 Mha of open forests are converted as a result of ZDCs, of 
which 11% and 33%, respectively, can be attributed to displaced oil palm plantations. Such 
effects are particularly large in Central Africa, Colombia and other parts of South America 
(see Figure 13 of Appendix A).

Results for shrublands are markedly different with a staggering 103 Mha of avoided 
conversion, of which only a small amount is displaced (2%). These effects are to a lesser 
extent driven by oil palm as shrublands tend to be less dominant in the main oil palm-
producing regions (Figure 3). Most of the avoided conversion is in Oceania (notably 
Australia), where shrublands tend to be the dominant natural biome and where many of 
these areas are covered by ZDCs. By comparison, only a small area of grasslands is saved 
from conversion (3 Mha), while a much larger area is converted due to ZDCs (23 Mha, of 

Figure 6 – Absolute area changes as a result of ZDCs within 4 (semi-) natural biomes: dense forests, 
open forests, shrublands and grasslands. Green coloured bars represent avoided conversions. Red co-
loured bars represent displacement effects. Light coloured bars indicate absolute area changes that can 
be directly attributed to changes in the demand for oil palm.

5
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which less than 1% can be attributed to oil palm). The reason why displacement effects for 
grassland are larger than for other biomes is that most grasslands fall beyond the scope of 
ZDCs, which is why cropland expansion tends to be redirected to grasslands.

When taken in aggregate, the area of natural areas that is saved from conversion is 
217% larger than the area converted due to ZDCs. This suggests that the ZDCs are likely 
to deliver substantial environmental benefits within the oil palm-producing world, although 
there is considerable heterogeneity across regions.

5.4.	 Discussion and conclusion

This is the first study to provide a modelling experiment of how the worldwide implementation 
of ZDCs could alter the spatial configuration of oil palm and other land uses up until 2030, 
assuming full adoption and enforcement across industries and regions from 2014 onwards. 
The results suggest that under these assumptions, ZDCs are likely to bring about significant 
land-sparing effects. Due to increases in yields and an overall decrease in demand for oil 
crops, ZDCs may induce a decrease in global oil palm area of 11 Mha or 39% relative to 
a BAU scenario that assumes no compliance with ZDCs. These results remain largely robust 
when using alternative estimates of the potential spatial coverage of ZDCs. A potential 
explanation for this is that the spatial differences between these different estimates are 
relatively minor after masking out areas unavailable for oil palm production, suggesting 
there is little additional impact when considering more ambitious forest protection scenarios.

Apart from oil palm, the total area devoted to other crops, forestry, and pastureland in 
the oil palm-producing world is expected to be smaller as well. Overall, ZDCs are estimated 
to prevent the conversion of around 96 Mha of forests, of which 17% would otherwise 
have been converted due to expanding oil palm plantations. Notwithstanding the large 
land-saving effects, potential environmental benefits associated with reductions in nature 
loss are likely partially offset by displacement effects to natural areas that fall beyond the 
scope of ZDCs. Not only does this include displacement effect within oil palm-producing 
regions, but also displacement effects to temperate regions. This suggests that temperate oil 
crops such as rapeseed, sunflower and soybean are expected to partially substitute for oil 
palm, which is particularly likely in the case of biofuels (Santeramo et al 2021). In addition, 
although yield increases help to free up crop areas for other uses, anticipated increases 
in the use of fertilizers, pesticides and heavy machinery (likely needed to achieve these 
yield increases) could lead to larger local and global environmental impacts from existing 
agricultural areas (Pellegrini and Fernández 2018). The degree to which ZDCs are to deliver 
environmental benefits thus partially hinges on the impact of displacement effects and the 
technology through which yield increases are achieved.
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We also find that due to land scarcity and increasing commodity prices, ZDCs are 
expected to depress consumption of agricultural commodities. Future research should 
evaluate the welfare and nutritional implications of such effects and the extent to which 
these vary across space, thereby accounting for ecosystem services provided by forests and 
other natural areas (see e.g., Johnson et al., 2021).

Our findings build on a burgeoning literature that has found that anti-deforestation 
policies, if implemented at large scales, could induce major environmental benefits outside 
targeted areas (Taheripour et al 2019, Overmars et al 2014). However, previous studies have 
also found that the risk of leakage effects is much higher if adoption and implementation 
varies widely across space (Busch et al 2022, Haddad et al 2019, Ingalls et al 2018). Our 
results should thus be interpreted carefully as they are projected on the assumption that all 
industries and regions will be fully covered by ZDCs. It is likely that the anticipated land-
sparing effects will be considerably diminished if large consumer markets fall beyond the 
scope of ZDCs. Moreover, the results are rather sensitive to how the share of oil palm in the 
aggregate oil crop sector of GTAP is calculated, with much less oil palm expansion projected 
under the BAU scenario between 2014 – 2030 (19% instead of 42%) if the share of oil palm 
relative to other crops is assumed to remain constant rather than growing at historic rates. 
However, given that FAOSTAT data (2021) show a major increase in the share of oil palm 
over the period 2014 – 2019 for most oil palm-producing regions (see Appendix A Figure 
5), this appears to be a less plausible assumption.

Our analysis is subject to some additional uncertainties that we cannot fully address. 
First and foremost, it is possible that the region-specific land supply curves underpinning our 
analysis imply land supply elasticities that are too high for some regions. As a result, we may 
have overestimated the magnitude of the overall market-mediated effects of ZDCs. The land 
supply elasticities may be too high because data on current land prices are only available 
for a limited number of regions in the world (Woltjer and Kuiper 2014). For regions with 
no data on land rents, it is assumed that the marginal land rents are inversely proportional 
to marginal yields. Whilst this assumption may be a reasonable approximation of the land 
rent trajectory in many developed countries (Eickhout et al 2009), it is less likely to hold 
true in developing countries with poorly functioning land markets and weakly enforced land 
tenure rights (Bah et al 2018).

A related point is that the analysis is based on a shift in the land supply asymptotes that 
are assumed to remain unaltered throughout the simulation period. In practice, it is more 
likely that such asymptotes are dynamic as they depend on annual weather fluctuations, 
changes in soil quality, the spatial dynamics of legally protected areas, land governance, 
and the degree of technological progress. A case in point is the Brazilian Cerrado, a 
savannah ecoregion that was largely considered unsuitable for agricultural production in 
the 1970s until advances in soil amendment technologies and crossbreeding transformed 
it into the world’s “soy basket” (Byerlee et al 2016). It should be noted, though, that given 

5
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the relatively short time period for our simulation (2014 – 2030), it is unlikely that such 
unforeseen dynamics will have a major impact on the amount of available land until 2030.

A final major source of uncertainty is that our estimates of the overall impact of ZDCs 
are dependent on the validity of our counterfactual projections which describe what might 
happen in the absence of ZDCs (i.e., the BAU scenario). Although the BAU scenario largely 
follows the SSP2 scenario, which is considered a benchmark for baseline projections (Crespo 
Cuaresma et al 2018), it is likely that there will be deviations between our projections and 
the actual changes in oil palm area. These deviations may occur due to political economy 
factors that are not well predicted by a CGE model (e.g., biofuel mandates, election cycles, 
imperfect law enforcement). In addition, we may have under- or overestimated future crop 
yields as they are currently assumed to grow at a linear rate. Although this assumption is 
largely consistent with historic crop yield trajectories (Grassini et al 2013), assumptions 
about future crop yields are known to constitute a major source of uncertainty (Plevin et al 
2015) and future research should explore the sensitivity of our results to alternative yield 
assumptions. More accurate baseline scenarios are likely to be constructed when the GTAP 
database is updated to a more recent reference year.

Despite these uncertainties, our study provides a first estimate of how full implementation 
and enforcement of ZDCs globally may moderate the expansion of oil palm and its 
encroachment into forest areas. It provides a benchmark against which future estimates can 
be compared, for example assessments of ZDC implementation with incomplete coverage 
across sectors and geographies. Although it is unlikely that the coverage of ZDCs will be 
anywhere near 100 percent in the coming decade, our study provides strong quantitative 
evidence of the major reduction in deforestation and agricultural expansion they could 
deliver if they are adopted and enforced at large scale, thus resulting in potentially large 
environmental benefits. Given the goals of the New York Declaration on Forests and the 
Convention on Biological Diversity, this should motivate the international community to 
increase the uptake, but also the enforcement of ZDCs.
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The overarching objective of this thesis was to investigate what insights can be gained 
from applying different methodological approaches for assessing the effectiveness of Zero-
Deforestation Commitments (ZDCs) and the degree of complementarity between these 
different approaches. In Chapters 2 – 5, several approaches were presented to assess ZDCs 
that differ in three ways: the degree to which quasi-experimental methods were employed, 
the degree to which simulation models were employed and the degree to which geospatial 
data were used and generated. In the following, I will revisit the sub-research questions 
presented in Chapter 1 and discuss remaining scientific challenges for future research. In 
addition, I will discuss the broader implications of the research, thereby providing concrete 
recommendations as to how the design and the assessment of ZDCs could be improved.

6.1.	 Revisiting the research questions

6.1.1.	 How can geospatial analysis be leveraged to advance assess-
ments (ex-post or ex-ante) of ZDCs?

There are three distinct geospatial techniques that have been repeatedly applied throughout 
the chapters; these are overlay analysis, proximity analysis and spatial econometrics. 
These techniques provide an essential toolkit for assessing ZDCs. For example, they have 
been applied to map the coverage of ZDCs (Chapter 2), identify potential spillover areas 
(Chapter 3), analyse sourcing patterns at the level of individual firms (Chapter 4) and 
downscale projections of geographically coarse simulation models (Chapter 5). In the 
absence of geospatial analysis, inferences on the effectiveness of ZDCs need to be based 
on aggregated datasets, thus giving rise to the ecological inferences problem (Anselin and 
Tam Cho 2002). For example, the direction and magnitude of subnational spillover effects 
in the wake of anti-deforestation policies (see Chapter 3) cannot be detected from national-
level datasets, thus precluding comprehensive assessments of ZDC effectiveness.

In addition to circumventing the ecological inference problem, geospatial analysis is 
also key for validating aggregate-level data. Aggregate-level statistics are known to be 
often biased by double counts, especially when statistics are aggregated across space (Ma 
et al 2014). As shown in Chapter 2, the risk of double counting is particularly high when 
estimating the impact of ZDCs on forest protection as the areas covered by ZDCs tend to 
overlap with legally protected areas. Failing to account for spatial overlap could thus result 
in gross overestimates of the impact of ZDCs on forest protection.

Although geospatial analysis has been increasingly adopted in the literature on ZDC 
effectiveness, the role of spatial heterogeneity is still often overlooked. For example, many 
studies do not differentiate between types of forests in their assessment of the effectiveness 
of ZDCs (Mosnier et al 2017, zu Ermgassen et al 2020). However, the evidence set forth 
in Chapter 2 indicates that ZDC coverage is likely to be highly variable across different 
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forest types. In addition, many quasi-experimental studies on the effectiveness of ZDCs fail 
to account for the degree of forest fragmentation across space. This could lead to biased 
estimates of how effective ZDCs have been in reducing deforestation if the degree of forest 
fragmentation correlates with the adoption of ZDCs across space. Spatial weight matrices 
such as in Chapter 3 may mitigate the risk of such confounding bias, thus advancing future 
assessments of ZDCs.

In addition to the geospatial techniques discussed above, there are other techniques 
that have not been applied in this thesis that could enhance future ZDC assessments. For 
example, airborne Light Detection and Ranging (LiDAR) data facilitate much more accurate 
mapping of High Carbon Stock forests (Asner et al 2018). Although such data are typically 
only available for very small regions, precluding their use for global assessments, they would 
help to make local studies on ZDC effectiveness more rigorous and could be used as training 
data for predictive models, thereby enabling assessments across larger regions. In addition, 
downscaling assessments such as Chapter 5 should capitalize on anticipated increases in 
(cloud) computing power and memory storage, which will enable geospatial processing 
at much higher resolutions than currently possible. This will help to reduce the problem of 
ecological inference and to unlock the potential of quasi-experimental assessments and 
simulation models for assessing ZDC effectiveness at high spatial resolutions.

6.1.2.	 How do the insights from quasi-experimental assessments of the 
effectiveness of ZDCs differ from ex-ante simulation modelling 
assessments?

Both quasi-experimental and ex-ante simulation modelling assessments involve counterfactual 
modelling to ascribe causality to a particular policy or intervention. However, where quasi-
experimental assessments are concerned with exploring historic causal relationships over 
certain periods of time (see Chapters 3 & 4), simulation modelling involves exploring 
possible scenarios that could be realized if certain assumptions are met (see Chapter 5). 
The benefit of employing quasi-experimental methods over simulation models to assess past 
effectiveness is that they are designed in a way that ‘allow the data to speak for themselves’. 
For example, in both Chapters 3 and 4, fixed effects models are leveraged to account for 
a wide variety of unobserved confounding factors such as market dynamics or political 
economy factors without imposing any deterministic assumptions as to how deforestation is 
influenced by such factors. This makes quasi-experimental analysis an invaluable tool for 
monitoring progress against ZDCs.

However, a drawback of quasi-experimental analysis is that the conclusions are context-
dependent and only apply to certain areas or periods of time. For instance, insights on 
the direction and magnitude of local spillover effects in the wake of the Indonesian forest 
moratorium (Chapter 3) do not directly carry over to other regions or to future time periods. 
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Thus, the conclusions of quasi-experimental analysis have limited external validity whenever 
causal relationships vary across space and time (Greenstone and Gayer 2009).

 Simulation models incorporate systems thinking to attribute deforestation outcomes to 
individual policies or interventions, which is why they have the potential to extract insights 
that are relevant for a wide variety of contexts. The modelling design presented in Chapter 
5 enables exploring the way in which ZDCs could play out in terms of land use while 
accounting for expected baseline changes in the economy. Such insights are hard to obtain 
from quasi-experimental methods as they do not incorporate systems theory to capture 
evolving dependencies and feedback loops.

At the same time, the degree to which simulation models are capable of generating 
plausible predictions depends on the validity of the assumptions upon which they are 
based. This has proven to be an area of controversy as many ex-ante assessments of 
land use policies rely on contradicting assumptions. For example, literature estimates of 
the amount of indirect land use change associated with biofuel expansion are sensitive to 
assumptions on the degree to which world markets are (perfectly) integrated, which helps 
to explain the large variation in these estimates (Taheripour and Tyner 2020). Furthermore, 
the large variation may be partially driven by the different assumptions underpinning land 
use models regarding the supply of agricultural land. Many frequently used land use models 
such as MAgPIE (Dietrich et al 2019), GCAM (Chen et al 2020b), or GLOBIOM (IIASA 
2014) are predicated on the assumption that the supply of agricultural land is fixed and 
independent of land rents. Previous studies have argued that such models are unlikely to 
capture the dynamics of land systems (Eickhout et al 2009, Tabeau et al 2006), which is 
why endogenous land supply curves have been developed. The methodology set forth in 
Chapter 5 tries to improve on previous efforts to account for endogenous land supply curves 
(Overmars et al 2014, Johnson et al 2021) by reconstructing land supply curves that explicitly 
account for multiple cropping systems. In addition, rather than drawing on downscaled 
national-level statistics, they incorporate remotely sensed datasets that have been shown to 
give a more accurate representation of the current spatial distribution of croplands in many 
countries of the world (Fritz et al 2019, Pérez-Hoyos et al 2017).

Given the wide variation in assumptions underpinning ex-ante simulation models, it is key 
to empirically test the validity of the assumptions, to whatever extent possible. For example, 
the most appropriate method for disaggregating oil crop projections in Chapter 5 is selected 
based on the performance of each method against historic data. While such an approach 
does not safeguard against the risk of non-stationarity, it mitigates the risk that simulation 
outcomes are primarily driven by theoretical assumptions that do not hold true in reality.
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6.1.3.	 What is the degree of complementarity between the different 
approaches?

The preceding chapters have shown that none of the approaches adopted in the thesis are 
by themselves sufficiently flexible to assess all aspects of ZDCs. However, when combined, 
these approaches may interact in synergistic ways and pave the way towards a more 
holistic understanding of ZDC effectiveness. A schematic overview of the interdependent 
links between the three different methodological approaches is shown in Figure 1.

Quasi-experimental methods are invaluable tools for inferring causal relationships 
and can be used to validate predictions made my simulation models. For example, the 
methodology employed in Chapter 3 could be leveraged to assess the empirical evidence 
of local spillover effects predicted by CLUMondo in Chapter 5. Similar methods employing 
fixed effects regressions could be used to validate of the assumptions and parameters 
underlying both GTAP-AEZ and CLUMondo, especially with respect to the incorporated 
land supply elasticities and land resistance factors (see e.g., Roberts and Schlenker 2013). 
..These could in turn be adjusted in a way to improve the performance of both models over 
historic periods. Such an iterative approach could help to improve the reliability of ex-ante 
simulation models, assuming historic trends provide a reasonable approximation of how 
the future may unfold.

While quasi-experimental methods suffer from risks of endogeneity, such risks can be 
mitigated by incorporating insights from simulation models into their design (see Figure 
1). For example, the GTAP-AEZ model employed in Chapter 5 highlights the importance 
of land rents as a driver of land use change, but also its endogenous relationship with 
the availability of suitable agricultural land. Accounting for such relationships in quasi-
experimental assessments is key to obtain unbiased estimates of the impact of ZDCs on 
deforestation outcomes. In the absence of data on local land rents, the potential confounding 
relationship between ZDCs and land rents in Chapter 4 is accounted for by including the 
unprotected suitable area within each company’s sourcing area as a proxy variable in the 
regression model.

Finally, given the large spatial variation in the coverage of ZDCs, both quasi-
experimental and ex-ante simulation assessments would benefit from a deeper integration 
of geospatial analysis. Such analysis is key for providing more spatial granularity to both 
types of assessments, thus providing insights into the conditions under which ZDCs are 
likely to be effective or not. This is illustrated in Chapter 3, where spatial differences in 
economic development, agro-ecological suitability and the coverage of the Indonesian forest 
moratorium are exploited to disaggregate estimates of the deforestation spillover effects.
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Figure 1 – Interdependent links between the different methodological approaches to assess ZDC ef-
fectiveness.

While these three methodological approaches provide a rigorous framework for 
assessing ZDCs, there are many additional approaches originating from a wide range of 
scientific disciplines that could enhance assessments of ZDCs that have not been discussed 
in this thesis. First, assessments of ZDCs are likely to benefit from a deeper integration of 
ecological field work. Ecological field work constitutes an invaluable approach for mapping 
the likely distribution of High Conservation Value Forests (HCVFs) and High Carbon Stock 
Forests (HCSFs), as well as enabling effective monitoring of the ecological impacts of ZDCs 
at the local scale. For example, Deere et al (2020) employ detection/non-detection data 
from camera-traps deployed across the island of Borneo to test the capacity for the High 
Carbon Stock Approach (HCSA) to prioritize forest remnants that sustain mammal diversity. 
Such insights are hard to derive from remotely sensed datasets and are indispensable for 
advancing our understanding of how ZDCs may affect local ecosystems.

In addition, there is a wealth of literature that employs qualitative research methods 
to assess the criteria under which ZDCs may be effective at reducing deforestation and 
the challenges for implementation (e.g., Austin et al., 2021; Garrett et al., 2019; Grabs et 
al., 2021; Lyons-White and Knight, 2018). Typical qualitative research techniques involve 
surveying a panel of experts or conducting semi-structured, in-depth interviews with major 
decision-makers. Such techniques would complement the quantitative approaches adopted 
in this thesis as they may uncover non-trivial insights that are typically hard to derive from 
quantitative datasets (Shah and Corley 2006). For example, they could be employed to test 
the accuracy of supply chain stickiness as a proxy for the underlying power dynamics present 
in value chains. As the influence of such underlying factors are typically hard to measure, 
there is a need for appropriate proxy variables to incorporate more realistic assumptions 
into future assessments of ZDC effectiveness. While qualitative research techniques are by 
definition not appropriate for expressing the effectiveness of ZDC in quantitative terms, they 
have an important role to play in examining contextual conditions under which ZDCs are 
likely to be effective and identifying appropriate proxy variables, which could in turn be 
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leveraged to strengthen the robustness of both quasi-experimental and simulation modelling 
assessments.

The preceding indicates that each of the methodological approaches discussed in this 
section are highly complementary and fit for different purposes. The applicability of each 
approach depends on a range of factors, including the geographic scope of the analysis 
(i.e., local, regional or global) and the type of analysis (i.e., ex-ante or ex-post). When 
combined, they constitute a rigorous portfolio of approaches that enables researchers to 
assess ZDCs under a wide range of conditions (Young et al 2006). Moreover, when the 
results of the different methodological approaches generate conclusions that concur with 
each other, they inspire more confidence in their robustness than when they are applied 
in isolation.

6.1.4.	 What do the different approaches tell us about the (potential) 
effectiveness of ZDCs?

Overall, there is a high degree of complexity involved in ZDC assessments and a high level 
of sensitivity of results to assumptions about the coverage of ZDCs. The starting assumption 
in Chapters 2 and 5 is that all industries and world regions are fully covered by ZDCs. 
Chapter 2 drew on a wide range of spatial datasets to map the likely extent of forests 
protected under this assumption. In a scenario where these forests are indeed protected by 
ZDCs, the results from Chapter 5 reveal that ZDCs are likely to have significant land-sparing
effects that extend beyond the forests within their scope. This suggests that ZDCs have the 
potential to deliver large environmental benefits, even in areas that are not necessarily 
covered by ZDCs. However, the results from Chapters 3 and 5 also showed that due to the 
incomplete protection of forests and other biomes, there are likely to be major displacement 
effects to forests, shrublands and grasslands outside the scope of ZDCs. Thus, while it is 
commonly held that ZDCs are designed to eliminate all deforestation (Pirard et al 2015), 
the results of the thesis show that even in a scenario of full adoption and enforcement, many 
forests are unlikely to be protected by ZDCs and displacement effects could (partially) 
undermine their overall effectiveness in curbing deforestation and nature loss. Although the 
global land-sparing effects identified in Chapter 5 are projected to be much larger than 
the displacement effects, there is significant spatial heterogeneity in terms of effectiveness, 
implying large differences in the potential environmental benefits across regions.

What is more, the large land-sparing effects are, to a large extent, driven by the increase 
in agricultural yields as a result of increasing land rents. Depending on the technology 
through which such yield increases are realized, this may partly come at the expense of the 
broader societal goals to which many companies have committed, for example to improve 
human health, protect biodiversity, or improve water management (Donofrio et al 2019). 
Furthermore, the results from Chapter 5 also hint at major implications for human livelihoods 
given the increases in commodity prices and reduction in consumption, which conflicts with 
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other societal goals such as to reduce poverty or malnutrition. It should be noted, though, 
that these effects can be reduced through multilateral development initiatives that reward 
stakeholders for conserving nature, as is currently done under the REDD+ program (Roopsind 
et al 2019). Also, previous research has found that nature conservation may improve human 
livelihoods as it facilitates access to invaluable ecosystem services for which no substitutes 
exist in many parts of the world (Johnson et al 2020). Thus, while major trade-offs exist, 
these findings suggest that ZDCs have the potential to accelerate progress towards a wide 
variety of societal goals if global cooperation can be enhanced.

The critical assumption underpinning these findings from Chapters 2 and 5 is that 
ZDCs are fully adopted and enforced across industries and regions. The actual coverage 
of ZDCs is much lower and highly concentrated in a limited number of sectors and regions 
(Donofrio et al 2019, Jopke and Schoneveld 2018). This constitutes a major hurdle for 
ZDC effectiveness as attempts to implement ZDCs are likely undermined by a wide range 
of displacement effects. In addition to spatial displacement effects to different areas (see 
Chapter 3), this could include displacement effects to other supply chains – within the same 
industry or outside – with no ZDCs in place. Such intra-, or inter-industry leakage effects 
could help explain why many studies on ZDC effectiveness – including Chapter 4 of this 
thesis – have failed to find evidence of successfully implemented ZDCs. However, it is also 
possible that the absence of evidence on ZDC effectiveness is due to a lack of ambition to 
implement ZDCs (Schulte et al 2019, zu Ermgassen et al 2020, Villoria 2021). A notable 
exception of a ZDC that is considered highly effective in curbing deforestation is the Amazon 
Soy Moratorium (ASM) in Brazil, which is estimated to have prevented nearly 20,000 km2 of 
deforestation over its first decade, with relatively modest displacement effects (2006 – 2016; 
Heilmayr et al., 2020b). However, due to a wide range of political and socio-economic 
factors, the effectiveness of the ASM has steadily decreased since 2016 and deforestation 
levels in the Brazilian Amazon in 2021 were estimated to be at their highest since 2006 
(TerraBrasilis 2021).

In conclusion, while the ex-ante simulation results suggest that ZDCs have the potential to 
deliver major benefits if they are fully adopted and enforced, the empirical evidence suggests 
that ZDCs are unlikely to live up to their potential given their incomplete adoption across 
regions and industries. Therefore, ambitions to implement ZDCs need to be ramped up 
across industries and regions if societal targets to eliminate deforestation are to be achieved.

6.2.	 Broader implications of the research

The findings of this thesis could support decision makers in the public and private sectors to 
design effective anti-deforestation strategies and anticipate likely spillover effects. In light 
of the recently adopted pledge at the Glasgow Climate Change Conference in 2021 to 
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end deforestation by 2030, the three following recommendations are made. First, given 
the large uncertainties regarding the spatial coverage of ZDCs (see Chapter 2), companies 
and governments are encouraged to abide by standardized definitions and criteria as to 
what constitutes a forest and thus deforestation. This would eliminate uncertainties on the 
qualifying areas and likely consequences of ZDCs for forests across the globe, thus enabling 
civil society to monitor progress against international deforestation goals and identify 
complementary strategies for meeting related societal goals on biodiversity conservation 
and poverty reduction (Oxfam 2021). There has already been some progress in this space: 
the definitions and criteria put forward by the Accountability Framework (2018) initiative 
have been increasingly adopted across public and private sectors, thereby easing the 
implementation of ZDCs.

Second, the findings of the thesis lend support to the notion that increasing the uptake 
of ZDCs is a necessary condition for increasing their effectiveness. While ZDCs have been 
widely embraced in a number of industries and geographies, the uptake has stagnated in 
recent years (Haupt et al 2018). Imposing mandatory due diligence rules for importers into 
major destination markets of deforestation-risk commodities, as currently discussed by the 
European Union, United Kingdom and United States (Mongabay 2022), could encourage 
the further uptake of ZDCs and increase their effectiveness. Care should be taken to manage 
societal trade-offs that could arise as a result of anti-deforestation policies, such as between 
forest protection and economic development, especially in developing countries.

Finally, this thesis has made the case that the different approaches adopted in the 
literature to assess ZDC effectiveness are complementary and act in synergistic ways. It is 
therefore recommended that future assessments of ZDCs employ a wide variety of methods. 
Not only will such a portfolio approach help to identify weaknesses in the analyses and 
explore the robustness of the results, but it will also help to advance the growing field of 
sustainability science. This will help policy makers, companies, and civil society to make 
more informed decisions as to how different societal targets can be reconciled and pave 
the way towards a more sustainable future.
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Table 2 – List of data sources used to identify potential expansion areas for the 4 commodities most 
commonly covered by corporate zero-deforestation commitments

Suitability estimates Areas already under cultivation or used for 
production

Data description Classification 
method

Data description Threshold(s) to 
distinguish occupied 

areas

Forestry Suitability estimates 
from Schulze et 
al (2019) at 1 km 
resolution.

8 quantiles 
within current 
production areas

Binary map (production/
no production) from 
Schulze et al (2019) at 1 
km resolution.

Oil Palm Suitability estimates 
– classified into 8 
classes – sourced 
from Version 3 of 
the Global Agro-
Ecological Zones 
(GAEZ) (IIASA/FAO 
2012). The data are 
based on the SRES 
A1FI emission scenario 
for the 2020s and 
control for a CO2 
fertilization effect.

Fraction of grid cell 
under cultivation from the 
International Food Policy 
Research Institute (2019) 
at 5 minute resolution 
(approximately 10x10km 
at the equator)

Figure 3:
≥ 50% of grid cells under 
cultivation or used as 
pasture

Supplementary material 
Figure 4:
·	 ≥ 25% of grid cells 

under cultivation or 
used as pastureland

·	 ≥ 50% of grid cells 
under cultivation or 
used as pastureland

·	 ≥ 75% of grid cells 
under cultivation or 
used as pastureland

Pasture Suitability estimates 
– classified into 8 
classes – sourced from 
Van Velthuizen et al 
(2007)

Fraction of grid cell 
used as pasture from 
Ramankutty et al (2010) 
at 5 minute resolution 
(approximately 10x10km 
at the equator)

Soybean Suitability estimates 
– classified into 8 
classes – sourced 
from Version 3 of 
the Global Agro-
Ecological Zones 
(GAEZ) (IIASA/FAO 
2012). The data are 
based on the SRES 
A1FI emission scenario 
for the 2020s and 
control for a CO2 
fertilization effect.

Fraction of grid cell 
under cultivation from the 
International Food Policy 
Research Institute (2019) 
at 5 minute resolution 
(approximately 10x10km 
at the equator)
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Figure 1 – Global extent of all indicators used to delineate High Conservation Value Forests.

Figure 2 – Regional extent of forest that may be at reduced risk of development due to the corporate 
zero-deforestation commitments . The acronyms listed on the x-axis denote the following World Bank 
(WB) regions: E & CA – Europe & Central Asia; LA & C – Latin America & Caribbean; SSA – Sub-Saharan 
Africa; EA & P – East Asia & Pacific; NA – North America; SA – South Asia; ME & NA – Middle East & 
North Africa. Forests designated as HCV or HCS are here defined as forests with at least 2 overlapping 
HCV indicators or at least 75 t C/ha if located in the tropics. Error bars denote the upper and lower 
range of the total extent of HCVF, HCSF and tropical peatland forest using the other criteria to delineate 
HCVF and HCSF shown in Figure 1 of Chapter 2.
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Figure 3 – Extent of forest that may be at reduced risk of development due to the corporate zero-de-
forestation commitments for the 15 countries with the largest forest areas. The following acronyms or 
abbreviations are used: USA – United States of America, China - People’s Republic of China; DRC – Dem-
ocratic Republic of Congo. Forests designated as HCV or HCS are here defined as forests with at least 
2 overlapping HCV indicators or at least 75 t C/ha if located in the tropics. Error bars denote the upper 
and lower range of the total extent of HCVF, HCSF and tropical peatland forest using the other criteria 
to delineate HCVF and HCSF shown in Figure 1 of Chapter 2.
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Figure 4 – Overlap of agro-ecological suitability for 4 main deforestation-risk commodities with forests 
designated as High Conservation Value Forest (HCVF), High Carbon Stock Forest (HCSF) and tropical 
peatland forest. The error bars in the green bars denote the uncertainty in the total extent of HCVFs, 
HCSFs and peat forests, while the error bars in the yellow bars denote the uncertainty in the total extent 
of potential expansion areas if a smaller and higher threshold is used to distinguish areas already under 
cultivation or used for production (25% and 75%, respectively).
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Figure 5 – Joint distribution of market accessibility and agricultural suitability per commodity across 
forests not designated as HCVF, HCSF or peat forest. Market accessibility is classified into 8 quantiles. 
Agricultural suitability is determined by taken the highest suitability class for each grid cell.

Figure 6a – Joint distribution of market accessibility and agricultural suitability across forests in Latin 
America that are not designated as HCVF, HCSF or peat forest. Market accessibility is classified into 8 
quantiles. Agricultural suitability is determined by taking the highest suitability class for each grid cell 
after overlaying 4 suitability layers for forestry, oil palm cultivation, soybean cultivation and pastureland 
– each comprising 8 suitability classes.

Floris - v6g.indd   150Floris - v6g.indd   150 25-08-2022   11:4325-08-2022   11:43



151

Appendix

Figure 6b – Joint distribution of market accessibility and agricultural suitability across forests in Sub-Sa-
haran Africa that are not designated as HCVF, HCSF or peat forest. Market accessibility is classified into 
8 quantiles. Agricultural suitability is determined by taking the highest suitability class for each grid cell 
after overlaying 4 suitability layers for forestry, oil palm cultivation, soybean cultivation and pastureland 
– each comprising 8 suitability classes.

Figure 6c – Joint distribution of market accessibility and agricultural suitability across forests in South-
east Asia that are not designated as HCVF, HCSF or peat forest. Market accessibility is classified into 
8 quantiles. Agricultural suitability is determined by taking the highest suitability class for each grid cell 
after overlaying 4 suitability layers for forestry, oil palm cultivation, soybean cultivation and pastureland 
– each comprising 8 suitability classes.
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Figure 7 – Overlap of agro-ecological suitability for 3 main deforestation-risk commodities with forests 
designated as High Conservation Value Forest (HCVF), High Carbon Stock Forest (HCSF) and tropical 
peatland forest located within areas where agricultural expansion is projected to occur between 2020 
to 2030. These projections are based on the IMAGE model. The errors bars denote the uncertainty in the 
total extent of HCVF, HCSF and tropical peatland forests. Suitable areas outside forests do not include 
urban areas and areas already under cultivation or used for production.
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B.1 Overdispersion and the negative binomial model

The negative binomial model is the most popular model when dealing with nonnegative, 
overdispersed data. Overdispersion occurs when the variance of the response variable 
exceeds the mean and is a violation of the main assumption underlying the Poisson model. 
Failing to account for overdispersion may cause standard errors of the parameter estimates 
to be underestimated, thus increasing the risk of type 1 errors (false positives). Whether 
the model should be Poisson or not can be formally tested by means of a Boundary 
Likelihood Ratio (BLR) test (Hilbe, 2011). Using equation (2) of Chapter 5 to compare 
Poisson and negative binomial models, we overwhelmingly rejected the null hypothesis of no 
overdispersion (P < 0.001), indicating the negative binomial model is more appropriate. We 
used the standard parameterization of the negative binomial, which has a variance function 
of 
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  To replicate the results of an unconditional negative binomial fixed effects model, we 
used the fixest software package in R version 4.0.2 (Bergé, 2020, 2018; R Core Team, 
2020). The underlying algorithm optimizes only over the parameters of interest, while the 
fixed effects are dealt with separately in the concentrating likelihood function. As a result, 
there is no downward bias in the standard errors estimates of the parameters of interest. To 
hasten convergence of fixed effects coefficients, the algorithm integrates a fixed-point 
acceleration method, thus outperforming alternative methods in terms of computing time. 
Simulations by Bergé (2020) and Allison and Waterman (2002) reveal that in contrast to the 
logistic regression model, the negative binomial model does not suffer from the Incidental 
Parameters Problem (Lancaster, 2000), indicating that the model provides consistent 
estimates for the parameters of interest.        
 

  

. Here, μ denotes the conditional expectation of the sample and θ denotes the 
dispersion parameter, resulting in the following probability density function (see Hilbe, 2011 
for further details):
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B.2 Genetic matching

The goal of matching is to replicate a randomized controlled trial as closely as possible 
by obtaining treated and control groups with similar covariate distributions (Stuart, 2010). 
The first step in implementing matching methods is to define ‘closeness’, i.e., a metric used 
to determine whether two observations can be matched or not. The two most popular 
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distance metrics include Mahalanobis distance and distance between propensity scores 
(Rosenbaum, 2010). However, matching based on these two metrics can be misleading 
and may sometimes make balance worse across covariates. Diamond and Sekhon (2013) 
therefore proposed a metric that generalizes Mahalanobis distance by including an 
additional weight matrix:
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where Z is a matrix consisting of both the propensity score and the underlying covariates X, 

W is a k x k positive definitive weight matrix and (5&
"
$) is the Cholesky decomposition of the 

variance-covariance matrix of X. In order to define W, an iterative search algorithm is used to 
weight each covariate according to its relative importance for achieving the best overall 
balance. Balance is iteratively assessed by means of t-tests for difference of means and 
non-parametric (bootstrap) Kolmogorov-Smirnov distributional tests. As such, the algorithm 
guarantees asymptotic convergence to the optimal matched sample. Genetic matching was 
performed using the MatchIt package in R version 4.0.2 (Ho et al., 2011; R Core Team, 
2020). The key tuning parameters for optimization were left at their default values. 

  Below, we present the standardized mean differences (Table 2) and empirical 
Quantile-Quantile (QQ) plots (Figure 10) used to evaluate postmatching covariate balance. 
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B.2 Genetic matching 

  The goal of matching is to replicate a randomized controlled trial as closely as 
possible by obtaining treated and control groups with similar covariate distributions (Stuart, 
2010). The first step in implementing matching methods is to define ‘closeness’, i.e., a metric 
used to determine whether two observations can be matched or not. The two most popular 
distance metrics include Mahalanobis distance and distance between propensity scores 
(Rosenbaum, 2010). However, matching based on these two metrics can be misleading and 
may sometimes make balance worse across covariates. Diamond and Sekhon (2013) 
therefore proposed a metric that generalizes Mahalanobis distance by including an 
additional weight matrix: 

0,1), 1*,2- = 	3,1) − 1*-
+(5&

"
$)′	25&

"
$(1) − 1*), 

where Z is a matrix consisting of both the propensity score and the underlying covariates X, 

W is a k x k positive definitive weight matrix and (5&
"
$) is the Cholesky decomposition of the 

variance-covariance matrix of X. In order to define W, an iterative search algorithm is used to 
weight each covariate according to its relative importance for achieving the best overall 
balance. Balance is iteratively assessed by means of t-tests for difference of means and 
non-parametric (bootstrap) Kolmogorov-Smirnov distributional tests. As such, the algorithm 
guarantees asymptotic convergence to the optimal matched sample. Genetic matching was 
performed using the MatchIt package in R version 4.0.2 (Ho et al., 2011; R Core Team, 
2020). The key tuning parameters for optimization were left at their default values. 

  Below, we present the standardized mean differences (Table 2) and empirical 
Quantile-Quantile (QQ) plots (Figure 10) used to evaluate postmatching covariate balance. 

  

 is the Cholesky decomposition of the 
variance-covariance matrix of X. In order to define W, an iterative search algorithm is used 
to weight each covariate according to its relative importance for achieving the best overall 
balance. Balance is iteratively assessed by means of t-tests for difference of means and 
non-parametric (bootstrap) Kolmogorov-Smirnov distributional tests. As such, the algorithm 
guarantees asymptotic convergence to the optimal matched sample. Genetic matching was 
performed using the MatchIt package in R version 4.0.2 (Ho et al., 2011; R Core Team, 
2020). The key tuning parameters for optimization were left at their default values.
Below, we present the standardized mean differences (Table 2) and empirical Quantile-
Quantile (QQ) plots (Figure 10) used to evaluate postmatching covariate balance.

Floris - v6g.indd   160Floris - v6g.indd   160 25-08-2022   11:4325-08-2022   11:43



161

Appendix

B.3 Tables

Table 1 – Quartile values of various covariates deemed to influence deforestation risk. To explore the 
sensitivity of the results, grid cells with covariate values below these quartile values were excluded in 
alternative model runs.

Covariate  1st Qu. Median 3rd Qu.

Elevation (m) 32.7 68.7 155.3

Gross Domestic Product (2010) 5.8 7.5 11.9

Market Accessibility (hours) 0.7 2.0 5.2

Oil palm agro-ecological suitability 36.3 64.6 82.8

Population Density (2010) 0.2 0.7 2.6

Remaining forest area in ha (2010) 1,269 1,921 2,336

Slope (mean) 1.7 3.0 6.2

Slope (variance) 1.3 4.0 19.0

Travel distance nearest palm oil mill (hours) 0.9 2.2 6.0

Table 2 – Standardized mean differences between treated and control observations within the matched 
sample, using a caliper width of 0.2 times the standard deviation. Treated observations are those within 
10 km of a moratorium border. All other observations are part of the control group. SD denotes standard 
deviation; Std. Mean Diff. denotes standardized mean difference; and eCDF denotes empirical Cumulative 
Distribution Function.

Covariate
Means 
Treated

Means 
Control

SD 
Control

Std. 
Mean 
Diff.

eCDF 
Med

eCDF 
Mean

eCDF 
Max

Elevation (m) 0.19 0.19 0.00 1.03 0.01 0.03 0.07

GDP at PPP in constant 2011 
international US$

9.14 9.14 0.00 1.01 0.01 0.03 0.04

Market accessibility (hours) 5.21 5.17 0.01 1.01 0.01 0.02 0.20

Oil palm suitability (0.01 - 100) 54.91 55.24 -0.01 1.05 0.01 0.03 0.17

Population density (number of 
persons per grid cell)

6.35 6.32 0.01 0.98 0.01 0.03 0.25

Propensity Score 0.58 0.58 0.00 1.01 0.00 0.01 0.05

Remaining forest area in ha (in 
2010)

16.60 16.63 -0.05 1.15 0.01 0.02 0.21

Slope (°) 16.98 16.83 0.01 1.07 0.00 0.02 0.11

Travel time to the nearest oil palm 
mill (hours)

8.78 8.47 0.02 1.00 0.01 0.03 0.08
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Table 7 – Negative binomial regression estimates of deforestation using alternative proximity metrics. 
Results are shown for all moratorium types combined (i.e., Conservation and Protection Forest, Peatland 
Forest and Primary Forest). Unit of observation is the 5 x 5 km grid cell. Standard errors are clustered 
at the province level and shown in parentheses. Asterisks indicate the level of statistical significance (*p 
< 0.10, **p < 0.05, ***p <0.01). The variable ‘Closeness’ represents a continuous metric of proximity, 
based on equation (1) in Chapter 3. AIC denotes Akaike Information Criterion and BIC denotes Bayesian 
Information Criterion (BIC).

 

Dependent variable: Deforestation (canopy cover threshold 30%)

(1) (2) (3)

Variables:      

Within 20 km of moratorium areas 
(0/1)

0.07***

(0.03)

Within 40 km of moratorium areas 
(0/1)

0.10**

(0.05)

Closeness -8.25

(-15.19)

Closeness (squared) 5.18

(8.25)

ln(forest (ha)) 1.76*** 1.75*** 1.76***

(0.10) (0.10) (0.10)

ln(neighbouring forest (ha)) -0.22 -0.21 -0.25

(0.23) (0.22) (0.23)

RSPO-certification -0.70 -0.72 -0.70

(0.60) (0.60) (0.60)

Dispersion parameter 0.88 0.88 0.88

Fixed effects:

Grid cell Yes Yes Yes

Concession type x year Yes Yes Yes

Province x year Yes Yes Yes

Observations 499,870 499,870 499,870

AIC 3,314,626 3,314,634 3,314,565

BIC 3,690,631 3,690,639 3,690,581

McFadden’s adjusted Pseudo R2 0.15 0.15 0.15
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B.4. Figures

Figure 1 – Map of Indonesia showing the spatial extent of the three different types of areas covered 
by the moratorium, based on the intersection of the initial moratorium map, published in July 2011, and 
the 15th revised moratorium published in December 2018. The indicative moratorium maps, as published 
by the Indonesian Ministry of Environment and Forestry (2021), were digitized by Greenpeace (2021).
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Figure 2 – Map of Indonesia showing the spatial extent of peatland and primary forest that are covered 
by the moratorium and that constituted additional protection as of 2011, based on the 8th revised mora-
torium map (Greenpeace, 2021; Ministry of Environment and Forestry, 2021) and the spatial distribution 
of legally protected areas in 2010 (Ministry of Environment and Forestry, 2010).
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Figure 3 – Distribution of moratorium areas across Indonesia. Figure a) shows their distribution by area 
after taking the natural logarithm, Figure b) shows their distribution by number across 6 different island 
groups, and Figure c) maps the spatial extent of the individual island groups.  
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Figure 4 – Smoothed relationship between elevation and distance from moratorium areas within 100 km 
based on a) all moratorium areas, b) only moratorium areas designated as Conservation and Protection 
Forest, c) only moratorium areas designated as Peatland Forest and d) only moratorium areas designated 
as Primary Forest. Moratorium areas smaller than 50 km2 were not considered. Smoothing was done with 
a negative binomial one dimensional penalized regression spline with smoothing parameters selected 
by generalized cross-validation. Deforestation levels and distance indicators are analysed within a 5 x 5 
km2 grid. Negative distances indicate Euclidean distances within moratorium areas to the closest border. 
Shaded areas denote 95% confidence intervals.
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Figure 5 – Smoothed relationship between market accessibility – proxied by travel distance to the 
nearest city or port – and Euclidean distance from moratorium areas within 100 km period based on 
a) all moratorium areas, b) only moratorium areas designated as Conservation and Protection Forest, 
c) only moratorium areas designated as Peatland Forest and d) only moratorium areas designated as 
Primary Forest. Moratorium areas smaller than 50 km2 were not considered. Smoothing was done with 
a negative binomial one dimensional penalized regression spline with smoothing parameters selected 
by generalized cross-validation. Deforestation levels and distance indicators are analysed within a 5 x 5 
km2 grid. Negative distances indicate Euclidean distances within moratorium areas to the closest border. 
Shaded areas denote 95% confidence intervals.
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Figure 6 – Smoothed relationship between agro-ecological suitability for oil palm plantations (0 – 100) 
and distance from moratorium areas within 100 km period based on a) all moratorium areas, b) only 
moratorium areas designated as Conservation and Protection Forest, c) only moratorium areas designated 
as Peatland Forest and d) only moratorium areas designated as Primary Forest. Moratorium areas smaller 
than 50 km2 were not considered. Smoothing was done with a negative binomial one dimensional penal-
ized regression spline with smoothing parameters selected by generalized cross-validation. Deforestation 
levels and distance indicators are analysed within a 5 x 5 km2 grid. Negative distances indicate Euclidean 
distances within moratorium areas to the closest border. Shaded areas denote 95% confidence intervals.
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Figure 7 – Smoothed relationship between slope and distance from moratorium areas within 100 km 
period based on a) all moratorium areas, b) only moratorium areas designated as Conservation and 
Protection Forest, c) only moratorium areas designated as Peatland Forest and d) only moratorium areas 
designated as Primary Forest. Moratorium areas smaller than 50 km2 were not considered. Smoothing was 
done with a negative binomial one dimensional penalized regression spline with smoothing parameters 
selected by generalized cross-validation. Deforestation levels and distance indicators are analysed within 
a 5 x 5 km2 grid. Negative distances indicate Euclidean distances within moratorium areas to the closest 
border. Shaded areas denote 95% confidence intervals.
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Figure 8 – Smoothed relationship between travel distance to the nearest palm oil mill and Euclidean 
distance from moratorium areas within 100 km period based on a) all moratorium areas, b) only mora-
torium areas designated as Conservation and Protection Forest, c) only moratorium areas designated as 
Peatland Forest and d) only moratorium areas designated as Primary Forest. Moratorium areas smaller than 
50 km2 were not considered. Smoothing was done with a negative binomial one dimensional penalized 
regression spline with smoothing parameters selected by generalized cross-validation. Deforestation levels 
and distance indicators are analysed within a 5 x 5 km2 grid. Negative distances indicate Euclidean 
distances within moratorium areas to the closest border. Shaded areas denote 95% confidence intervals.
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Figure 9 – Map of Indonesia showing the spatial extent of the three different types of concession areas, 
based on data from (Global Forest Watch, 2019a, 2019b, 2019c). The pie chart presented in the top 
right of the figure shows the percentage of the different types of concession areas.
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Figure 10 – Empirical quantile-quantile plots of selected covariates for grid cells within 10 km of a 
moratorium border (treated units) and grid cells located further away (control units) both before and after 
trimming the data to a matched sample. Matching was done with replacement and with a caliper width 
of 0.2 times the standard deviation.

Figure 11 – Results of a Monte-Carlo simulation of the estimated effect of the Indonesian moratorium on 
deforestation in areas within 10 km of the targeted areas. The box plots display the five-number summa-
ry of the simulations, including the minimum, first quartile, median, third quartile and maximum. To run 
the simulations, the results of equation (2) of the Chapter 5 were first used to predict for each grid cell 
how much deforestation would have occurred in the period 2011 – 2018 if no moratorium had been in 
place. These values were then subtracted from the baseline fitted values and aggregated across all grid 
cells within 10 km of a moratorium areas. Thereafter, the variance-covariance matrix of the regression 
parameters was used to perform 1,000 iterations, thereby assuming that the regression parameters follow 
a multivariate normal distribution.
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Figure 12 – Point estimates of the estimated effect of the Indonesian moratorium on deforestation in 
areas within 10 km of the targeted areas. Error bars denote the largest 95% confidence intervals after 
clustering the standard errors at the regency, province, and island level, respectively.
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Figure 13 – Point estimates of the estimated effect of the Indonesian moratorium on deforestation in 
areas within 10 km of the targeted areas for 6 different Indonesian island groups. Error bars denote 95% 
confidence intervals.
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Figure 14 – Point estimates of the estimated effect of the Indonesian moratorium on deforestation in 
areas within 10 km of the targeted areas after trimming the sample to grid cells with covariate values 
exceeding a certain threshold, based on quartiles. Threshold values are shown in Table 1. Error bars 
denote 95% confidence intervals.
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Figure 15 –Point estimates of the estimated effect of the Indonesian moratorium on deforestation in areas 
within 10 km of a certain moratorium area, after excluding moratorium areas below a certain area thresh-
old. Error bars denote 95% confidence intervals. Note that there are no peatlands exceeding 1,000 km2.  
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Figure 1 – Smoothed levels of stickiness in the Brazilian soy supply chain between 2004 – 2017, using 
a penalised cubic regression spline. Grey areas denote 95% confidence intervals.
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Table 1 – Overview of the ESA CCI-LC 2014 land cover classes. The last column shows the different 
classifications that were used to construct the land systems map for the year 2014.

Value Label Reclassified into

0 No Data No Data

10 Cropland, rainfed Cropland

11 	 Herbaceous cover

12 	 Tree or shrub cover

20 Cropland, irrigated or post-flooding

30 Mosaic cropland (>50%) / natural vegetation (tree, shrub, herbaceous 
cover) (<50%)

Mosaic cropland

40 Mosaic natural vegetation (tree, shrub, herbaceous cover) (>50%) / 
cropland (<50%)

50 Tree cover, broadleaved, evergreen, closed to open (>15%) Dense forest

60 Tree cover, broadleaved, deciduous, closed to open (>15%)

61 	 Tree cover, broadleaved, deciduous, closed (>40%)

62 	 Tree cover, broadleaved, deciduous, open (15-40%) Open forest

70 Tree cover, needleleaved, evergreen, closed to open (>15%) Dense forest

71 	 Tree cover, needleleaved, evergreen, closed (>40%)

72 	 Tree cover, needleleaved, evergreen, open (15-40%) Open forest

80 Tree cover, needleleaved, deciduous, closed to open (>15%) Dense forest

81 	 Tree cover, needleleaved, deciduous, closed (>40%)

82 	 Tree cover, needleleaved, deciduous, open (15-40%) Open forest

90 Tree cover, mixed leaf type (broadleaved and needleleaved) Dense forest

100 Mosaic tree and shrub (>50%) / herbaceous cover (<50%) Shrubland;
herbaceous cover;
lichens and 
mosses;
sparse vegetation;
flooded tree cover.

110 Mosaic herbaceous cover (>50%) / tree and shrub (<50%)

120 Shrubland

121 	 Evergreen shrubland

122 	 Deciduous shrubland

130 Grassland Grassland

140 Lichens and mosses Shrubland;
herbaceous cover;
lichens and 
mosses;
sparse vegetation;
flooded tree cover.

150 Sparse vegetation (tree, shrub, herbaceous cover) (<15%)

151 	 Sparse tree (<15%)

152 	 Sparse shrub (<15%)

153 	 Sparse herbaceous cover (<15%)

160 Tree cover, flooded, fresh or brakish water

170 Tree cover, flooded, saline water

180 Shrub or herbaceous cover, flooded, fresh/saline/brakish water

190 Urban areas Urban areas

200 Bare areas Bare areas

201 	 Consolidated bare areas

202 	 Unconsolidated bare areas

210 Water bodies No Data

220 Permanent snow and ice Bare areas
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Table 2 – All 44 predictors variables used in the logistic regression analysis. Climatological variables 
were averaged over the period 2010 – 2019. All raster data were resampled to a 10 x 10 km grid using 
the bilinear resampling method.

Predictor variable Source Predictor variable Source

Actual evapotranspiration Abatzoglou et al 
(2018)

Precipitation Abatzoglou et al 
2018

Altitude Amatulli et al (2018) Presence indigenous community Garnett et al 
(2018)

Aspect cosine Amatulli et al (2018) Proportion population aged 
between 15 - 64

CIESIN (2018)

Aspect sine Amatulli et al (2018) Proportion population female CIESIN (2018)

Cation exchange capacity De Sousa et al (2020) Reference evapotranspiration Abatzoglou et al 
2018

Clay De Sousa et al (2020) Runoff Abatzoglou et al 
2018

Climate water deficit Abatzoglou et al 
2018

Sand De Sousa et al 
(2020)

Coarse fragments in the soil De Sousa et al (2020) Shannon index 
geomorphological landforms

Amatulli (2018)

Downward surface shortwave 
radiation

Abatzoglou et al 
2018

Silt De Sousa et al 
(2020)

Gross Domestic Product per 
capita

Kummu et al (2018) Slope Amatulli (2018)

Human Development Index 
per capita

Kummu et al 2018 Snow water equivalent Abatzoglou et al 
2018

Human footprint index Venter et al (2018) Soil bulk density De Sousa et al 
(2020)

Irrigation Siebert et al (2015) Soil moisture Abatzoglou et al 
2018

Maximum temperature Abatzoglou et al 
2018

Soil organic carbon De Sousa et al 
(2020)

Minimum temperature Abatzoglou et al 
2018

Soil pH De Sousa et al 
(2020)

Nitrogen de Sousa et al (2020) Suitability plantation forest Schulze et al 
(2019)

NPP of potential vegetation Haberl et al (2007) Travel time to nearest city Weiss et al 
(2018)

Organic carbon density De Sousa et al (2020) Travel time to nearest palm oil 
mill

Leijten et al 
(2021)

Organic carbon stock De Sousa et al (2020) Travel time to nearest port Weiss et al 
(2018)

Palmer Drought Severity Index Abatzoglou et al 
2018

Vapor pressure Abatzoglou et al 
2018

Population Gao (2017) Vapor pressure deficit Abatzoglou et al 
2018

Population - rural Gao (2017) Wind-speed Abatzoglou et al 
2018
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Table 5 – List of neighbourhood weight factors by land system

Land system Neighbourhood weight factor

Cropland - extensive 0.2

Mosaic - extensive 0.1

Dense forest 0.5

Open forest 0.3

Shrubland and herbaceous 0.4

Grassland 0.1

Urban 1

Oil palm - mosaic 0.8

Oil palm 1

Cropland - medium intensive 0.2

Mosaic - medium intensive 0.1

Cropland - intensive 0.2

Mosaic - intensive 0.1

Grazing grassland 0.1

Floris - v6g.indd   197Floris - v6g.indd   197 25-08-2022   11:4325-08-2022   11:43



198

Appendix

D.2 Figures

Figure 1 – Evolution of oil palm plantations in Mha per world region between 1990 – 2019

Figure 2 – Spatial overview of the 37 different regions in the GTAP-AEZ database.
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Figure 3 – Spatial overview of the 18 agro-ecological zones (AEZ) in the GTAP-AEZ database AEZs 
are overlayed on the 37 regions in the GTAP-AEZ database.

Figure 4 – Spatial overview of the 13-oil palm-producing regions in the GTAP-AEZ database.
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Figure 5 –Evolution of share of oil palm (%) relative to other oil crops for each oil palm producing region 
in the GTAP-AEZ database. To project the share up until 2030, 4 different approaches are considered and 
evaluated in terms of their Root Mean Square Error against the period 2015 – 2019. A spatial overview 
of the different regions is presented in Figure 4.

Figure 6 –Flowchart of the methodology to construct new land supply asymptotes within each region-spe-
cific agro-ecological zone.
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Figure 7 – Spatial overview of the estimated multiple cropping intensities in 2014 within each region-spe-
cific agro-ecological zone.

Figure 8a – Estimated land supply asymptotes (total area available for agriculture) as of 2014 assuming 
no implementation of zero-deforestation commitments 
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Figure 8b – Estimated land supply asymptotes (total area available for agriculture) as of 2014 assuming 
full implementation of zero-deforestation commitments 

Figure 9 – Estimated coverage of zero-deforestation commitments based on the likely distribution of 
high conservation value forests and high carbon stock forests. Data obtained from Leijten et al (2020).
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Figure 10 – Percentage changes in land use in the oil palm-producing regions for five different types of 
demand under both scenarios relative to the area in 2014.

Figure 11 – Projected changes in global commodity prices by agricultural commodity group due to 
Zero-Deforestation Commitments (ZDCs).
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Figure 12 – Projected changes in area by agricultural commodity group within the oil palm-producing 
world due to Zero-Deforestation Commitments (ZDCs).
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Figure 13 – Absolute area changes within each region as a result of ZDCs within 4 (semi-) natural 
biomes: dense forests, open forests, shrublands and grasslands. Green coloured bars represent avoided 
conversions. Red coloured bars represent displacement effects. Light coloured bars indicate absolute area 
changes that can be directly attributed to changes in the demand for oil palm. A spatial overview of the 
different regions is presented in Figure 4.
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D.3 Constructing land supply asymptotes

To identify area where cropland could possibly expand, we first excluded areas where 
expansion is impossible or unlikely to occur. To do so, we computed the remaining area 
within each region-specific AEZ after excluding areas already under cultivation, areas 
biophysically unsuitable for cropland cultivation (thereby accounting for the predicted effects 
of climate change), legally protected areas, rough terrains, and urban areas. To harmonize 
the different input data, all data were resampled to a 1 x 1 km World Eckert IV grid.

We used data from the European Space Agency Climate Change Initiative (ESA-CCI; 
Defourny et al., 2017) for the year 2014 to identify existing cropland areas and urban areas. 
Areas classified as “Cropland, rainfed”, “Cropland, irrigated or post-flooding” and “Urban 
areas” were assumed to be unavailable for expansion. The first two of these three classes do 
not cover all cropland areas as some cropland areas in the ESA-CCI database are subsumed 
under two mosaic classes (“Mosaic cropland (>50%) / natural vegetation (< 50%)” and “Mosaic 
natural vegetation (>50%) / cropland (< 50%)”). Following Liu et al (2018), we therefore assumed 
a cropland fraction of 58% and 38% for these two mosaic classes, respectively.

To identify areas biophysically unsuitable for overall cropland expansion, we used data 
from Zabel et al (2014). These data incorporate suitability estimates for the 16 most important 
food and energy crops and account for the potential impact of climate change under SRES 
A1B conditions1. Areas classified as unsuitable were assumed to be unavailable for expansion.

Furthermore, we excluded areas that are legally protected using data from UNEP-WCMC 
and IUCN (2018). Although it has been recognized that encroachment may still occur within 
these areas (Wolf et al 2021), it is unlikely that these areas represent future hotspots of 
agricultural expansion (Molotoks et al 2018).

Finally, we excluded rough terrains (here defined as areas with steep slopes) as these 
areas are less likely to be developed (Busch and Ferretti-Gallon 2017). The extent to 
which rough terrains can be cultivated depends, however, on the degree of agricultural 
mechanization (Jasinski et al 2005), which varies across space. Therefore, in an attempt 
to control for the spatially varying levels of agricultural mechanization, we took a region-
specific approach to identify areas that are too steep to convert into cropland. Within each 
of the 37 regions in the GTAP database, we applied a slope threshold, based on the top 
5% slope values within existing cropland areas. Slope data were sourced from Lloyd (2016). 
As this resulted in unreasonably pessimistic slope thresholds in areas that are dominated by 
flat terrains, we imposed a minimum threshold of 10 degrees.

1	  Under this scenario, economies will rapidly grow, population growth will be small and there will 

be a rapid introduction of new and more efficient technologies.
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