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Abstract
This dissertation examines the complex relationship between environmental regulation incorporat-

ing trade restriction policy, agricultural expansion, including deforestation, and transport infras-

tructure. It is composed of three essays that investigate these dynamics using the combination of

structural and reduced form approaches.

The first chapter, “Costly Regulation, Minimal Results: The EU’s Deforestation Regulation Ef-

fect on Global Soy Trade”, analyzes the impact of the European Union Deforestation Regulation

(EUDR). The EUDR aims to reduce deforestation by restricting market access to soy products

that are deforestation-embodied in the EU market. The primary concern is that such restrictions

could shift the soy trade to unregulated markets. To shed light on this issue, we employ a gravity

model, treating the EUDR compliance costs as additional trade costs for exports to the EU. We find

that stricter compliance costs reallocate soy exports from South America toward non-EU markets,

mainly China, and divert the EU imports towardsNorthAmerica. Under the counterfactual scenario

in which South America does not comply with the regulation, EU consumers face even larger price

increases, while South American countries experience minimal terms-of-trade losses. Our analysis

suggests that trade reallocation to an unregulated market could potentially dilute the impact of the

EUDR, making it less effective in directly reducing deforestation linked to soy production.

The second chapter, “Exports and Deforestation: A Commodity-Level Analysis”, quantifies the

extent to which international demand for agricultural commodities drives deforestation. Using

panel data for 138 countries and 18 commodity groups during 2001–2022, we estimate commodity-

specific elasticities of deforestation with respect to exports. To address the potential endogeneity

between exports and supply-driven deforestation, we instrument exports with an export share-

weighted average of destination-market import demands, constructed from a gravity model of

bilateral trade. We find that a 10% increase in exports of agricultural commodities increases



commodities-associated deforestation by 2.96%. We also find heterogeneous effects across com-

modities and regions, with the largest effects for perennial and tree crops, livestock, soybeans, and

sugar crops. Back-of-the-envelope calculations suggest that increases in international demand ac-

count for approximately 53 million hectares of agricultural expansion into forests between 2001

and 2022, corresponding to 49% of the observed forest-to-agriculture conversion.

The third chapter, “Domestic Market Access and Cropland Expansion in Brazil”, examines how

improvements in domestic market access shape agricultural production and land use across Brazil-

ian municipalities over 2015 to 2023. We construct a measure of domestic market access from

Dijkstra least-cost routing on Brazil’s road, rail, and waterway networks. We find that a 10% im-

provement in domestic market access raises production value by 0.6 to 0.8% and expands the area

under temporary crops by about 0.5%. By contrast, we find no robust long-run change in land

productivity, measured as value per harvested hectare. The pattern points to an extensive-margin

response in which a better transport network expands the cultivated area. We find heterogeneous

effects across municipalities. In the North, greater market access is associated with declining value

per hectare alongside area expansion, consistent with cultivation moving onto marginal frontier

land, while in the Cerrado biome, it raises production value and harvested area.
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Chapter 1

Costly Regulation, Minimal Results: The

EU’s Deforestation Regulation Effect on

Global Soy Trade
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1.1 Introduction

The European Union Deforestation Regulation (EUDR) prohibits the trade of seven commodities

(including their derivatives)—namely, palm oil, cattle, soy, cocoa, coffee, rubber, and wood—

collectively known as forest risk commodities (FRCs), in the EU market unless they meet three

criteria: being deforestation-free, compliant with source country legislation, and covered by a due

diligence statement (European Union 2023). These requirements act as a non-tariff measure (NTM)

to trade with an environmental objective by imposing deforestation-free production and traceability

obligations on suppliers- a very similar NTM under the WTO’s Technical Barriers to Trade (TBT)/

Sanitary and Phytosanitary (SPS) agreements. The regulation supports the EU’s international cli-

mate change commitments, such as the EU Green Deal and the Paris Agreement. The implementa-

tion of the EUDR is anticipated to reduce tropical deforestation by 71.92 thousand hectares per year

(the equivalent of ~101 thousand football pitches, which is 0.72% of annual global deforestation),

avoiding the emissions of 32 million tons of carbon per year (~0.09% of annual global emissions)

(KPMG 2023).

The EUDR can also inherit the well-documented ambiguity of NTM’s trade effects. Technical bar-

riers can either disrupt or facilitate trade, with effects being heterogeneous across products, measure

types, country-pairs, and even with empirical design (Li and Beghin 2012; Santeramo and Lam-

onaca 2019). In particular, regarding environmental technical measures in food and agricultural

products, several multi-country evidence points towards trade reducing effects (Santeramo and La-

monaca 2019; Fontagné, Kirchbach and Mimouni 2005). Globally, the environmental TBTs have

been expanding rapidly, increasing the coverage of 3% to 16% of world trade between 2010 and

2020, and on average, reducing trade with effects varying by sector and exporter characteristics

(Santeramo, Lamonaca and Emlinger 2025). Together, this motivates understanding EUDR com-

pliance in the context of a technical barrier that can have potentially sizable and heterogeneous

effects across soy products and trading partners.

Beyond trade effects, the EUDR’s unilateral and market access reduction approach to curb defor-

estation has raised concerns about its effectiveness. The studies of climate policy and environ-

2



mental trade policies have consistently shown that the carbon and market leakage effects, whether

occurring within or across borders, undermine policy effectiveness, creating tension between en-

vironment and trade goals (e.g., Aichele and Felbermayr 2015; Shapiro 2021; Villoria et al. 2022).

In the soy sector, Villoria et al. (2022) reveal that within-border displacement of deforestation is a

notable risk in Brazil, as exports exposed to restrictions in one sub-region shift deforestation pres-

sures elsewhere within the country. More broadly, the global commodity market often reallocates

deforestation pressure, particularly when relatively smaller destination markets implement regula-

tory measures (Muradian et al. 2025). Given that the EUDR is a new regulation, it is important to

assess whether its market access restrictions can truly reduce deforestation.

We analyze the impact of the proposed EU trade restrictions on the soy sector, using separate grav-

ity models of soybeans, soybean oil, and soybean cake. We focus on the soy sector because (i)

soybean expansion is an important driver of deforestation in South America, particularly Brazil

(Song et al. 2021); (ii) the EU is the second-largest global importer of soybeans, accounting for

9.88% of global exports, and the largest importer of soybean meals—which constitutes 23.82% of

global soy trade—with approximately 24% of global exports (Comtrade 2024); (iii) the EU’s con-

sumption accounts for 32.80% of the deforestation associated with soybean production (Pendrill et

al. 2022; European Union 2023). We estimate the trade elasticity of each product and simulate the

EUDR implementation by modeling the EUDR compliance costs as increased trade frictions, con-

sistent with the NTM literature’s treatment of technical measures as ad valorem tariff-equivalent

frictions (e.g., Fontagné et al. 2005; Santeramo and Lamonaca 2019; Santeramo et al. 2025). We

develop two scenarios: one in which all countries comply with the EUDR, and another in which

three major deforestation-risk countries- Brazil, Argentina and Paraguay (BAP)- do not comply.

These countries account for 59.3%, 6%, and 4.4% of deforestation-linked to soybean production,

respectively (Persson et al. 2024). We estimate the counterfactual trade flows under these scenarios

using the procedure developed by Anderson, Larch and Yotov (2018), which holds supplies and ex-

penditures constant while allowing domestic and bilateral trade to adjust in response to changes in

multilateral resistances stemming from the compliance costs. This approach enables us to evaluate

the EUDR’s effects on trade flows and price indexes.
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Three key findings emerge from our analysis. First, the EUDR is largely ineffective at reducing soy

exports from the focus countries. This is because the EU accounts for only a small share of exports

from BAP (~8%), while demand from China is strong. Any entry restriction into the EU faced by

BAP is offset by increased Chinese imports, while the EU can substitute with soy originating in the

US and Canada. As a result, deforestation-embodied trade shifts from the EU to China. Second,

the EU incurs a significant increase in soy prices, as much as 51%. In contrast, China and other

Asian countries benefit from lower prices. Third, major exporters see no change in their terms of

trade.

Our study makes two main contributions. First, we provide direct evidence of trade reallocation

in the soy sector under the EUDR. Specifically, we show that soy trade shifts from the EU market

to China, pointing towards little to no change in deforestation pressure and supporting the min-

imal cross-border leakage revealed by Villoria et al. (2022). Moreover, this points towards the

domestic leakage patterns identified by Villoria et al. (2022) when sub-regions within a country

(i.e., BAP) that are directly exposed to EU demand may shift deforestation pressure to sub-regions

exposed to Chinese demand. This finding reinforces concerns raised in research (e.g., Aichele

and Felbermayr 2015; Copeland, Shapiro and Taylor 2022; Villoria et al. 2022) about the limited

effectiveness of unilateral trade policies covering relatively smaller markets. Second, our anal-

ysis highlights the broader challenges of using trade restrictions to achieve environmental goals,

contributing to the literature of environmental-trade relations (Shapiro 2021; Felbermayr, Peterson

and Wanner 2024). This issue underscores two tensions in the multilateral trade system: concerns

from deforestation-risk countries about the discriminatory nature of the EUDR restrictions, and

policy trade-offs between environmental objectives and market access (Larch and Wanner 2017;

Farrokhi and Lashkaripour 2024). The experience with the EU’s REACH suggests that, over time,

stringent European technical regulations can diffuse as trading partners harmonize to retain market

access (Cha and Koo 2021), but the short run is characterized by compliance burdens and trade

reallocation; the very dynamics we document for soy under the EUDR.

4



1.2 The EUDR, the global soy market and implication to defor-

estation

The EUDR—Regulation (EU) 2023/1115 adopted on June 2023, and postponed to come into effect

on December, 2025—repeals the EU Timber Regulation (EUTR) and goes beyond timber (wood)

legality standards by including the six additional agricultural commodities (including their deriva-

tives based on Harmonized System (HS) of classification): oil palm, cattle, soy, cocoa, coffee, and

rubber (European Union 2023). The EUDR prohibits the trade of products whose supply chain is

linked to either deforestation or forest degradation and mandates due diligence for tracing the ori-

gin of their products and providing evidence that they are sourced from non-deforested land. The

regulation applies directly to the soy processors and supply companies that must verify the lack

of deforestation along the supply chain, using geospatial data, land tenure documents, and compli-

ance records with local laws. Enforcement of the regulation is the responsibility of the EU member

states, which must establish robust monitoring and evaluation mechanisms, requiring the com-

panies to submit due diligence statements and maintain traceability throughout the supply chain.

When companies are found to breach diligence statements, the member state can charge penalties

up to at least 4% of the annual turnover, confiscate the soy products or revenue, impose a temporary

exclusion from public procurement, and impose a temporary prohibition from placing soy products

on the EU market. Further, member states will conduct checks based on the risk benchmarking

of the country of origin, including document reviews and field inspections. For example, major

soy-producing South American countries, such as Brazil, Argentina, Paraguay, and Bolivia, fall

under the standard risk category, and the member states conduct compliance checks at least 3% of

companies sourcing soy products from these countries annually.

Four soy products based on the HS codes are subject to the EUDR: HS 1201 (soybeans whether or

not broken), HS 120810 (Soybean flour and meal), HS 1507 (Soybean oil and its fractions, whether

or not refined, but not chemically modified) and HS 2304 (oilcake and other solid residues, whether

or not ground or in the form of pellets, resulting from the extraction of soybean oil). Soybeans ac-

count for 64.91% (USD 90.97 billion) of these products, followed by 0.36%, 10.34%, and 24.39%,
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Figure 1.1: Global trade flows of soy market.
Notes. (a) Soybean (HS1201) trade flow which share 64.91% of total soy trade. (b) Soybean
oil (HS1507) trade flows which shares 10.34% of total soy trade. (c) Soybean flour and meal
(HS120810) trade flows which share 0.36% of total soy trade. (d) Soybean oil cake (HS2304)
trade flows which shares 24.39% of total soy trade. Trade flows are based on cumulative values
from 2021 to 2023. The values in the brackets represent the average export and import values
over the same period. The left side of the plots indicates exporters, while the right side indicates
importers. Source: UN Comtrade Database (Comtrade 2024).

respectively.

The global soybean market is characterized by three important features: (1) The increased produc-

tion of soybeans is largely attributed to expanded land area. Between 2010 and 2021, the global

harvested area for soybeans increased by 20.59%, leading to an 18% rise in production. This growth

was driven primarily by land expansion (85%) and, to a lesser extent, yield improvements (15%)

(Cassman and Grassini 2020). In Brazil, soybean production increased ninefold between 1990 and

2020, with much of this expansion occurring at the expense of natural ecosystems such as the Ama-
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zon and Cerrado (Umburanas et al. 2022; Fehlenberg et al. 2017). (2) The global soybean market

represents one of the largest and most concentrated agricultural commodity trades, dominated by

three major players: the US, Brazil, and China (Gale, Valdes and Ash 2019). Brazil and the US

collectively account for over 80% of global soybean exports, while China alone imports more than

60% of global soybean imports, as illustrated in Figure 2.2. Although a relatively minor player in

raw soybean and soybean oil imports, at 9.88% and 10.34%, respectively, the EU remains the lead-

ing importer of the global soybean meal and oilcake market, representing 32.16% of the imports

(see table 4.1 for details on the EU’s trade share). In addition, the soybean oil market is relatively

fragmented than the soybean cake and soybeans market, balancing market leverage among multi-

ple sources and destinations. (3) Few companies control the global soy supply chain (Heron, Prado

and West 2018; Gouveris 2024). In Brazil, six multinational corporations—Archer Daniels Mid-

land (ADM), Bunge, Cargill, Louis Dreyfus Company (LDC), Glencore, and Amaggi—together

were responsible for 56.6% of soy exports and 66.3% of export-related soy deforestation risk over

2008 and 2017 (Ermgassen et al. 2020). These companies play a pivotal role in shaping supply

chains and compliance with regulations.

The EUDR has faced criticism despite its aim to reduce tropical deforestation. Producer countries

argue that the regulation is imposed unilaterally, ignoring their forest protection efforts (Noordwijk,

Leimona andMinang 2025; Fisher et al. 2024). The regulation’s data-intensive compliance is a ma-

jor challenge, especially for multinational companies that struggle to trace commodity origins. For

instance, although about 95% of soy from the Amazon and Cerrado in 2020 was deforestation-free,

verifying this for EU compliance remains difficult (Vasconcelos et al. 2023). Similar administrative

burdens for data verification of foreign emissions are a central concern in the EU’s Carbon Border

Adjustment Mechanism (CABM) debate (see Bellora and Fontagné 2023), highlighting that data

collection costs matter a lot for environmental-cum-trade regulations. Such rules may also exclude

smallholder farmers, including indigenous and local communities, as collecting geospatial data and

land-tenure documents is costly and complex (Bürgi and Oberlack 2023; Noordwijk et al. 2025;

Fisher et al. 2024), with mapping costs estimated at $30–$40 per plot (Gilbert 2024). Finally, since

the EU represents a small share of the global soybean market, its influence is limited. This could
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result in segregated supply chains, with compliant soy sent to the EU and non-compliant ones sold

elsewhere, leading to no change in deforestation (Oliveira et al. 2024; AgUnity 2023).

1.3 Data and Empirical Strategy

1.3.1 Data

To conduct empirical analyses, we construct a panel dataset for 90 countries (see appendix A1) cov-

ering 2007-2022. We choose this period because the data on effective applied tariffs are available

only after 2007 onward and the bilateral and domestic sales data needed to construct intranational

trade flows are available through 2022. Our data cover four key components: (i) international

trade flows, (ii) intra-national trade flows, (iii) effectively applied tariffs, and (iv) standard gravity

variables.

International trade flows. We compile a dataset on bilateral trade flows for soy products using the

CEPII-BACI database, which is recognized for its detailed and reliable dataset. The BACI database

offers several key advantages: (i) it provides data at the product level, categorized using Harmo-

nized System (HS) codes, and (ii) it is more reliable than raw data from Comtrade as it reconciles

mirror figures to address discrepancies and improve accuracy (Gaulier and Zignago 2010). For

soybeans, the data is constructed using HS code 1200100 for the period before 2012, and HS codes

120110 and 120190 for the period from 2012 onward. Similarly, the trade flows for soybean oil

are based on HS codes 150710 and 150790, while those for soybean cake are based on HS code

230400.

Intra-national trade flows. Following Villoria (2025), we estimate intranational trade quantity as

production minus exports plus stock variation, using the FAOSTAT Food Balance Sheets database

(FAOSTAT 2024). We convert intranational trade quantities to values using prices from the World

Bank’s Pink Sheet (World Bank 2025). Because the International Trade and Production Database

for Estimation (ITPDE) (Larch, Shikher and Yotov 2025) includes only soybean intranational trade

flows, our soybean intranational trade values correlate with ITPDE’s at 0.95.
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Effectively applied tariffs. We use bilateral effectively applied tariff rates obtained from the ITC

MacMap database, which ensures accurate representation of tariff rates applied to a particular im-

port during the study period (International Trade Centre 2024). If a preferential tariff exists, it is

used as the effectively applied tariff, otherwise the most favored nation (MFN) applied tariff is

used.

Standard gravity variables. In addition to trade and tariff data, we include variables capturing ge-

ographic and historical relationships between trading partners. These variables—such as distance,

shared language, contiguity, and colonial ties—are sourced fromCEPII’s gravity database, which is

a standard reference for gravity model analyses in international trade (Conte, Cotterlaz and Mayer

2023).

Table 1.1 presents summary statistics for our dataset, which covers 90 countries as both exporters

and importers, resulting in 129600 observations. In our sample, average tariff rates are approxi-

mately 10.6% for soybeans, 8.8% for soybean oil, and 4.2% for soybean cake. Figure 1.2 displays

the average tariffs imposed by EU countries on major exporters from 2007 to 2022. Notably, EU

tariffs on soybean and soybean cake imports from Brazil, Argentina, Paraguay, and the USA are

zero, and tariffs on soybean oil are also very low. Additionally, about 2.9% of country pairs in the

sample share a border, 8.2% share a common language, and 3% have colonial ties.

Table 1.1: Summary statistics of variables used in the study

Variable Mean or Proportion Standard Deviation Minimum Maximum

Year - - 2007 2022

Soybean (000’ USD) 16442.776 486355.389 0.000 35442703.415

Soyoil (000’ USD) 5576.757 194287.663 0.000 26468744.300

Soycake (000’ USD) 9865.004 311705.833 0.000 40749116.550

Tariff Soybean 0.106 0.684 0.000 7.574
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Figure 1.2: Import-weighted tariffs (%) by all countries and EU countries.

Variable Mean or Proportion Standard Deviation Minimum Maximum

Tariff Soybean oil 0.088 0.179 0.000 1.900

Tariff Soybean cake 0.042 0.102 0.000 0.715

Distance (KM) 7496.085 4761.858 7.000 19845.000

Contiguity 2.9% - 0.000 1.000

Common Language 8.2% - 0.000 1.000

Colonial Ties 3.0% - 0.000 1.000

Notes: The total number of observations is 129600 (90 exporters * 90 importers * 16 years).

Source: Own illustration based on trade data from the BACI database (Gaulier and Zignago 2010)

and tariffs data from the ITC MacMap (International Trade Centre 2024).

Note: The spikes in import-weighted tariffs for all countries for soybean oil in 2017–2020 reflect

increased tariffs by India from 4% in 2016 to 36% in 2020.

10



1.3.2 The EUDR simulation

We conduct the EUDR simulation by employing a conditional equilibrium framework based on

Anderson et al. (2018). This approach estimates conditional counterfactuals that keep sales and

expenditures of each country unchanged, with the change in trade pattern driven directly from

compliance costs and indirectly from shifts in trade patterns with third countries via multilateral

resistance terms (see appendix A1.4 for the decomposition). Further, we model the EUDR as a

destination-specific measure that raises the marginal cost of delivering soy from origin to the EU.

As the legal obligation falls on ‘operators’ (importers, traders, and processors), these firm-level

expenditures can be passed on to upstream and downstream depending on marketing structure, cre-

ating an effective ad valorem (iceberg) wedge on the EU-bounded flow. In a structural gravity

framework, what matters for bilateral trade is this price wedge, which we represent in the form of

’tariff-equivalent”. Our focus is the EUDR’s effectiveness in mitigating soybean-related deforesta-

tion by examining economic pressure faced by high-risk countries, particularly Brazil and other

South American countries. If these countries experience unfavorable changes in export potential,

price indexes, producer prices, and terms of trade, it suggests that compliance pressures can in-

centivize anti-deforestation practices. The methodology for measuring these effects is described

below:

Step 1: Estimation of Armington elasticities

We estimate separate gravity models for soybeans, soybean oil, and soybean cake. Our empirical

model employs the PPML-gravity specification (see appendix 2 for details), as shown in below:

Xs
ijt = exp(γsit + γsjt + γsij + γs1 log(1 + τ sijt))ε

s
ijt, (1)

where s indexes the soy products, with s ∈ {soybean, soyoil, soycake}. Xs
ijt is the exports of soy

products country i to country j at time t and τ sijt is the corresponding effectively applied ad valorem

tariff rate. γit, γjt and γij are exporter-year fixed effects, importer-year fixed effects and country-

pairs fixed effects, respectively. The purpose of using effectively applied tariffs is two-fold: first,
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to estimate Armington elasticities; and second; to incorporate an ad valorem tariff-equivalent of

the EUDR compliance cost on the EU imports, which facilitates counterfactual computations in

the absence of separate non-tariff elasticities. Following Anderson et al. (2018) and Fontagné,

Guimbard and Orefice (2022), the elasticity estimation of any price shifter (i.e. tariff) in the gravity

model can be used to recover Armington elsticities which are 1− γs1 is our case.

Step 2: Estimation of baseline trade costs

Using the trade elasticities derived from equation (1), we estimate the country-pair fixed effects,

exporter fixed effects, and importer fixed effects. We then fit these fixed effects, taking the base

year 2022, as shown in equation 6. For the ease of notation, we omit product superscripts, s:

Xij = exp(γ̃1log(1 + τij) + γ̃
[BLN ]
i + γ̃

[BLN ]
j + γ̃

[BLN ]
ij ). (2)

Using the expenditure, sales and PPML fixed effects, we recover OMR and IMR consistent with

the structural gravity terms, as demonstrated by Fally (2015). The PPML ensures that the fixed

effects adjust so that corresponding multilateral resistances are consistent with tariff elasticity. A

unique feature of the PPML is that fitted expenditures (or sales) equal observed expenditures (sales),

resulting in:
∑

j X̃ij =
∑

j Xij = Ỹ BLN
i and

∑
i X̃ij =

∑
iXij = ẼBLN

j .

To construct baseline OMR and IMR, we normalize all the fixed effects relative to Australia, de-

noted as E0. According to Yotov et al. (2016), the reference country should be the one that is

presumably not significantly affected by the counterfactual shock. This idea is to make the “rel-

ative” counterfactual changes in multilateral resistances closer to their “absolute” counterparts as

possible.

˜[Π1−σ
i ]

BLN
=
Ẽ0

Ỹi
exp(−γ̃[BLN ]

i ), (3)

˜[P 1−σ
j ]

BLN
=
Ẽj

Ẽ0

exp(−γ̃[BLN ]
j ). (4)
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Practically, many country pairs involve zero trade flows. For such pairs, exp(γ̃ij) is not available.

To recover the fixed effects of all country pairs, we conduct the regression using equation (5) for

those with available country pair fixed effects. We then estimate all γ parameters and predict

exp(γ̃ij) for the missing country pair fixed effects.

exp(γ̃ij) = exp[γi + γj + γ2 ln(DISTij) + γ3CNTGij + γ4LANGij + γ5CLNYij] · εij. (5)

Therefore, the baseline trade cost is estimated as below:

˜[t1−σ
ij ]

BLN
=


exp(γ̃ij) exp(γ̃1 log(1 + τij)), if Xij > 0 for at least one period,

˜exp(˜ij)γ exp(γ̃1 log(1 + τij)), if Xij = 0 for all periods.
(6)

Step 3: Construction of scenarios and counterfactuals

We estimate counterfactual trade costs by adding ad valorem tariff-equivalent to unilateral EUDR

compliance costs on the tariffs for the exports to the EU countries in equation (6):

˜[t1−σ
ij ]

CFL
=


exp(γ̃ij) exp(γ̃1 log(1 + τCFL

ij ))

˜exp(γ̃ij) exp(γ̃1 log(1 + τCFL
ij )).

(7)

where τCFL
ij = τij+EUDR_AV Eij . Under the baseline condition of the year 2022, theEUDR_AV Eij

is zero, meaning there is no effect of the EUDR trade restriction. We model EUDR as an ad val-

orem compliance wedge on EU-bound imports, consistent with structural gravity practice of rep-

resenting policy change as ad valorem trade-cost changes (Larch, Tan and Yotov 2021). We assign

EUDR_AV Ei,EU from external estimates on scenario-specific price-wedge at the EU border, in

the spirit of price-wedge/tariff-equivalent AVE discussed by Kravchenko et al. (2022) and Bellora

and Fontagné (2023).
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We simulate two scenarios for the implementation of the EUDR. In the first scenario, all countries

comply with the regulation, which we will refer to as the “compliance” scenario hereafter. We

assume that compliance costs impose trade frictions to enter the EU market. According to the EU

impact assessment paper (European Commission 2021), the estimated compliance costs for soy

range from 32.3 to 478.7 million euros. Adding these compliance costs to the EU’s imports, the

rough estimate of the increase in expenditure lies between 0.29% and 4.29% (Rabobank 2023).

Additionally, the European Feed Manufacturers’ Federation (FEFAC) projects that procurement

costs for EUDR-compliant soy meal will rise by 5–10%, potentially leading to a similar increase

in the price index of the soybean cake in the EU (European Feed Manufacturers’ Federation (FE-

FAC) 2024). Further, the suppliers may incur additional costs to demonstrate and transition to

deforestation-free production. We model this as an increase in trade costs of a magnitude equiva-

lent to the estimated increase in price or expenditure. We choose a conservative middle value trade

cost increase of 6%, equivalent to an increase in a 6% ad valorem tariff, to simulate the compliance

scenario as shown below:

EUDR_AV Ecomp
ij =


0.06, if j ∈ EU and i /∈ EU

0, otherwise
(8)

In the second scenario, termed “non-compliance” scenario hereafter, the EU market is closed to

selected deforestation-risk tropical countries- Brazil, Argentina, and Paraguay. These countries are

chosen because they are the largest suppliers of soy to the EU, accounting for 39.05%, 11.53%,

and 1.14% of total EU soy imports, respectively (see appendix table A4.1), and are also major

contributors to deforestation. An analysis conducted by Singh and Persson (2024) using a four-year

attribution window for deforestation measurement, identifies Brazil as the largest contributor, with

59.3% of global soybean-related deforestation, followed by Bolivia (15.5%), Argentina (6.0%),

and Paraguay (4.4%) in 2020. However, the EU’s share in the exports of Brazil, Argentina, and

Paraguay is only 8.06%. If these countries expect that compliance costs outweigh their benefits

from compliance, it is possible that exporters may shift to alternative markets. This economic logic
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is consistent with the analytical model proposed by Gilbert (2024), which illustrates that producers

will invest in the EUDR compliance only when the European premium exceeds their compliance

costs plus the logistic costs of selling to non-EU markets. We model the second scenario for an

increase in trade costs to a prohibitive level, effectively shutting down exports to the EU market as

shown below:

EUDR_AV Encomp
ij =


Hs, if i ∈ {BRA,ARG,PRY }, j ∈ EU

0.06, if i /∈ {BRA,ARG,PRY,EU}, j ∈ EU

0, otherwise

(9)

where Hs is a product-specific prohibitive wedge. In our counterfactual gravity estimation, a

5000% AVE shuts down the export of soybeans to the EU market, while a lower AVE (~700%)

shuts down the export of soybean oil and cake. This is reasonable because the trade elasticity of

soybeans is lower than that of soybean oil and cake.

Step 4: Estimate conditional gravity

Using counterfactual bilateral trade costs from equation (7), we estimate counterfactual fixed effects

with the constrained regression in equation (10), holding trade costs fixed and allowing fixed effects

to adjust for changes in multilateral resistance due to compliance costs.

Xij = exp[γCFL
i + γCFL

j + θ log [̃t1−σ
ij ]

CFL

]εCFL
ij , s.t.θ = 1 (10)

With the estimated counterfactual fixed effects and trade cost, the counterfactual trade flows are

predicted as:

X̃CFL
ij = [̃t1−σ

ij ]
CFL

exp[γ̃CFL
i + γ̃CFL

j ]. (11)

Step 5: Estimate and report effects
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Wemeasure compliance-induced change in export from country i to country j in percent as: ( X̃
CFL
ij

X̃BLN
ij

−

1) ∗ 100%. A positive value - when i is the non-EU country and j is an EU country- indicates an

increase in exports from i to j while a negative value indicates a decrease in exports.

As suggested by Anderson et al. (2018), welfare change in the conditional scenario is equivalent

to change in price index, as calculated below:

Ŵi =

(
Ỹ CFL
i

P̃CFL
i

)(
Ỹ BLN
i

P̃BLN
i

)−1

=
P̃BLN
i

P̃CFL
i

, ∀i, (12)

where, the output is kept exogenous in the ‘conditional’ scenario, i.e. ˜Y CFL
i = ˜Y BLN

i . ˜PBLN
i is

estimated using equation (4), while P̃CFL
i is estimated analogously using the corresponding coun-

terfactuals. However, it is possible only after obtaining the power transformation of the IMRs. We

estimate the elasticity of substitution (σ) from the tariff elasticity (γ̃1) as σ = 1− γ̃1.

Further, as discussed in Anderson et al. (2018), this procedure allows the estimation of the changes

in producer prices pit between the baseline and counterfactual scenarios. These are derived from

the change in outwardMRTs implied by the estimates γ̃CFL
i and γ̃BLN

i . Within the structural gravity

framework, these price changes and terms of trade can be calculated as:

p̂i =
p̃
[CFL]
i

p̃
[BLN ]
i

=

[
exp(γ̃CFL

i )

exp(γ̃BLN
i )

] 1
1−σ

(13)

ˆTOTi =
p̂i

P̂i

(14)

1.4 Results

1.4.1 Tariffs represent a significant trade cost in soy market

Table 1.2 reports the estimated effects of tariffs on the soy product trade flows for the period 2007–

2017. We exclude post-2018 trade flows from the trade elasticity estimation to avoid endogeneity

arising fromChina’s retaliatory tariffs on theUS soybean export to China. This would also represent
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normal market responses. Our results reveal trade elasticities of -1.883, -6.394, and -6.227 for

soybean, soybean oil, and soybean cake, respectively. Our soybean tariff elasticity (-1.883) is

comparable to Fontagné et al. (2022) ’s estimate of -1.254. The estimate is lower than Dhoubhadel,

Ridley and Devadoss (2023)’s estimate of -5.83, but higher than the estimates reported by Ridley

and Shirin (2024) (-0.879). For soybean oil, our estimate (-6.394) is slightly higher than Ridley and

Shirin (2024)’s finding of -5.338. However, our soybean cake elasticity (-6.227) is somewhat lower

than Fontagné et al. (2022)’s estimate of -11.92. Using these estimates, we recover Armington

elasticities, shown in appendix 3. The elasticity of substitution is lower for soybeans than for

processed soy products. A plausible explanation could be that processed products (oil and cake)

have many substitutes and available across countries, but soybeans are relatively homogeneous

that limits rapid reallocation across sources. Therefore, countries respond with more substitution

in processed products despite smaller changes in trade costs relative to soybeans.

Table 1.2: Effects of import tariffs on soy products using PPML estimates

Soybean Soybean Oil Soybean Cake

Log(1 + Tariff) -1.883 -6.394* -6.227*

(1.253) (2.667) (2.993)

Observations 26619 26651 20748

R-squared 0.995 0.991 0.990

Exporter-Year FE X X X

Importer-Year FE X X X

Pair FE X X X

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
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Note: The dependent variables are the unidirectional value (1000 USD) of exports. Standard errors

clustered at the country-pairs level. All estimations include exporter-year, importer-year, and pair

fixed effects. Inclusion of country-pair fixed effects drop large number of observations due to

persistent zero trade flows between country-pairs.

1.4.2 China, including the rest of the world, absorbs trade restriction im-

posed on BAP

The trade reallocation effects, as shown in Figure 2.5, Figure 2.5 and Figure 2.6.2, are higher

for non-compliance. Under compliance, the trade relationship could possibly remain the same

as it is. Under non-compliance, soybean exports to China increase substantially: Brazil by 12%

and Paraguay by 16.7%. The soybean oil exports to China from Brazil, Argentina, and Paraguay

increased by 2.9%, 0.8%, and 22.5%, respectively. The largest changes appear in soybean cake

exports. Brazil’s soybean cake exports to China surge by 1184.3%, Argentina’s increase by 679.5%,

and Paraguay’s increase by 562.5%. Further, all three countries also experience an increase in their

exports to the rest of the world.

1.4.3 The US and Canada export increase substantially to the EU if restric-

tions target BAP

In the non-compliance scenario, there is a significant shift of exports to the EU market from the

US and Canada. US soybean exports to the EU rise by 198.2%, while Canadian exports increase

by 118.2%. Soybean oil exports from both countries grow by about 22-23%. The most dramatic

changes are seen in soybean cake exports, with US exports soaring by 968.5% andCanadian exports

by 549.1%. This surge is driven by the EU’s large share of the global import market (32.16%, or

USD 10,989.3 million), with Brazil and Argentina the top suppliers of soybean cake to the EU with

around 65% share of the EU imports.
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Figure 1.3: Trade reallocation effect of the EUDR in soybean trade.
Notes. The figure shows the percentage change in exports under compliance and non-compliance
scenarios, from the countries and regions in the rows to China, the EU, and the rest of the world
(ROW), relative to a baseline without the EUDR. Red denotes a reduction in exports; blue denotes
an increase. ROSA: Rest of South America, ROE: Rest of Europe.
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Figure 1.4: Trade reallocation effect of the EUDR in soybean oil trade.
Notes. The figure shows the percentage change in exports under compliance and non-compliance
scenarios, from the countries and regions in the rows to China, the EU, and the rest of the world
(ROW), relative to a baseline without the EUDR. Red denotes a reduction in exports; blue denotes
an increase. ROSA: Rest of South America, ROE: Rest of Europe.
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Figure 1.5: Trade reallocation effect of the EUDR in soybean oilcake trade.
Notes. The figure shows the percentage change in exports under compliance and non-compliance
scenarios, from the countries and regions in the rows to China, the EU, and the rest of the world
(ROW), relative to a baseline without the EUDR. Red denotes a reduction in exports; blue denotes
an increase. ROSA: Rest of South America, ROE: Rest of Europe.
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1.4.4 The EU faces rising prices and declining terms of trade

As illustrated in Figure 1.6, the EU would bear substantial expenditure loss if BAP do not comply

with the EUDR. Among the three products, the EU experiences the highest welfare losses in soy-

beans, followed by soybean cake and soybean oil. In the soybean trade, EU expenditure losses can

reach $18,179.84 million, accompanied by average price increases of 60.26%. The EU could face

expenditure losses to $1357.54 million for soybean oil and from $16481.93 million for soybean

cake. The economic burden is disproportionately concentrated among major European importers,

which have larger relative shares of imports (see appendix figure A4.2). Spain, the Netherlands,

Italy, and Germany face the most significant expenditure losses in soybeans. Similarly, these coun-

tries, along with Poland, France, Denmark, and Belgium, experience the highest expenditure losses

in soybean cake and soybean oil. Most EU countries experience expenditure losses, increases in

producer prices, and increases in price indices but experience decreases in terms of trade (see ap-

pendix A5.1(d)). This indicates that the EU lacks sufficient market leverage to benefit from import

restrictions, as it remains heavily dependent on imports.

1.4.5 Import restrictions could boost demand for soy products from target

countries

Our analysis reveals no significant change in total exports from target countries under either sce-

nario (see figure A5.4). This results reflects the short-run nature of our simulation, which holds

total output and expenditures constant and assumes zero supply elasticity. Notably, the decline

in producer prices for Brazil, Argentina and Paraguay points to increased export competitiveness

driven by lower prices. We further confirm this by keeping supply constant for each country but

allowing expenditures to change. Under these conditions, we find significant export growth (see

figure A5.3). Soybean exports increased by 7.4% for Brazil, 3.1% for Argentina, and 4.8% for

Paraguay, directly resulting from lower producer prices in these countries. The effects emerged

pronounced in soybean cake exports, with increases of 69.6% for Argentina, 106.3% for Brazil,

and a surge of 93.2% for Paraguay. Moreover, soybean oil exports showed minimal growth across

these countries, increasing by less than 0.5%.
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Figure 1.6: Expenditure loss faced by EU27 under the EUDR simulation.
Notes. Expenditure loss is reported in million USD, measured relative to the baseline without the
EUDR. The percents in parenthesis denote average of change in price index in the EU countries.

The expenditure loss is measured as [ Ẽ
CFL
i

P̃CFL
i

− ẼBLN
i

P̃BLN
i

].

1.4.6 BAP face decrease in price index of soybean, but some declines in terms

of trade

Figure 1.7 illustrates the effects of the EUDR on exporting countries. In the soybean and soybean

oil, BAP experiences declines in price indexes and producer prices, however they see little to no

change in terms of trade. However, for soybean cake, BAP see increase in price index and decrease

in terms of trade illustrates the effects of the EUDR on major soy traders. In soybeans and soybean

oil, BAP experiences a decline in price indexes and producer prices; however, it sees little to no

change in terms of trade. In soybean cake, Paraguay and Argentina see an increase in price index

and producer price, while Brazil sees a decrease in both prices.
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Figure 1.7: Changes in indices under compliance and non-compliance scenarios.
Notes. Changes are measured relative to a baseline without the EUDR. Quartile is measured at the
scenario-product level for each index. (a) percentage change in welfare. (b) percentage change in
producer price. (c) percentage change in price index. (d) percentage change in terms of trade.
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1.5 Sensitivity checks

Our exercise is purely an ex-ante assessment of the regulation based on the 2022 base year. For

credibility and robustness, we (i) check the effects of compliance AVEs. For example, in the com-

pliance case, we impose a 6% AVE compliance cost, which yields a tentatively similar increase in

the EUDR price index (see figure A5.1(b)). This verifies that our compliance scenario represents

what we simulate. For the non-compliance scenario, our chosen AVE estimates effectively shut

down exports from BAP to the EU, as evidenced by Figures 2.5, 2.5, and 2.6.2. (ii) We report

sensitivity over plausible lower and upper bounds of 2% and 10% AVE and Armington elasticities

at the lower and upper bounds of the 95% confidence intervals. Across these ranges, the qualitative

results are stable (see appendix A6): EU substitution toward compliant suppliers and diversion of

displaced South American volumes to non-EU destinations. Higher AVEs predictably amplify EU

price index increases and welfare losses, but do not overturn the direction of reallocation.

1.6 Discussions

Our analysis indicates that the EUDR faces notable limitations in reducing exports that drive trop-

ical deforestation linked to the soy sector. The direct competitors to South American soy exporters

are the US and Canada, which are largely deforestation-free producers and redirect their exports

to the EU under the EUDR implementation. As a result, the soy supply restricted from BAP is

reallocated to China. These patterns align with the well-documented effects of the NTMs: trade

reduction between compliant and non-compliant pairs, while facilitating trade among compliant

origins (Fontagné et al. 2005; Santeramo and Lamonaca 2019; Santeramo et al. 2025). Particu-

larly, the trade reallocation we observe is a canonical response to unilateral NTMs implemented

by importers that are not the dominant buyer for targeted exporters: restricted supply absorbed by

third markets, while the import market under the compliance turns to compliant suppliers.

With the EUDR in place, the trade pattern indicates two segregated supply chains: first, the EU can

import verifiable deforestation-free soy from North America and, to a limited extent, from South
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America, where supplies are already deforestation-free.1 Actually, this partial compliance of South

America represents the distributional consequences. Smallholders and smaller firms would lose

access to the EU market. Nevertheless, this compliance supply chain represents a small fraction

of the total supply chain (~15%). Consequently, with the changed composition of the destination

market, the pressure on deforestation in South America does not necessarily decrease. Even with

full compliance of South American soy targeted at the EU market, particularly from Brazil, it does

not guarantee a reduction in deforestation, as long as the demand pressure for soy from the non-

EU market remains constant. Evidence of substantial domestic leakage within Brazil, on the order

of 43–50%, suggests that reductions in deforestation in some locations can be offset by increases

elsewhere (Villoria et al. 2022).

Second, a conventional supply chain serving the non-EU market (notably China) without compli-

ance requirements. The increasing reliance of South America on the Chinese market may further

erode the EU’s leverage in promoting environmental compliance in the future. Understanding the

long-term consequences of these trade reallocation patterns is therefore important. In our baseline

EUDR simulation, producer prices in BAP fall, and constrained volumes are reallocated toward

China. Over longer horizons, the net effect on production and land use in high-risk areas depends

on the magnitude and persistence of the price signal, supply elasticities, and how fully China/ROW)

absorb displaced flows. Because the EU accounts for a relatively small share of BAP exports, an

EU-only signal may be too weak to induce contraction; if China’s demand expansion keeps pro-

ducer prices near baseline, output could be sustained, and deforestation pressures may persist or

even rise, raising the prospect of a fragmented global soy market less responsive to EU regulations.

The economic implications for the EU are substantial. Certain EU members, such as the Nether-

lands, Poland, Spain, Germany, France, and Italy, bear disproportionate burdens, reflecting dif-

ferences in import dependency, processing capacity, and supply chain integration. Gilbert (2024)

discusses that this creates a “European premium” over world prices, with compliance costs directly
1Brazil’s soy sector has long-running zero-deforestation efforts. In the Amazon, the SoyMoratorium- implemented

by firms handling ~90–95% of exports- was associated with a 57% reduction in direct soy-deforestation in treated
municipalities; in the Cerrado, several traders have adopted ZDCs but implementation and coverage remain incomplete
(Gollnow et al. 2022).
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passed to EU consumers. Further, the loss is also pronounced in soybean cake, despite its lower

share in global soy trade, which is due to the higher elasticity of substitution for soybean cake. This

result is consistent with the studies by Branger and Quirion (2014) and Böhringer, Rosendahl and

Storrøsten (2017), which show that higher trade elasticities increase trade reallocations. According

to Noordwijk et al. (2025), the EUDR may cause “collateral damage” to unintended stakeholders.

For example, in our analysis, restrictions on BAP increase welfare losses in the US and Canada due

to an increase in the price index.

The EUDR, similar to non-tariff measures, appears as both a trade catalyst and a barrier. For forest-

risk countries, it functions as a trade barrier, as these countries will be under higher scrutiny and

compliance costs could rise. However, the EUDR can catalyse trade within the EU; this provides

an opportunity for soy producers and producers of substitute products, such as other vegetable oils

and cake, from EU countries. This is evidenced by increased producer prices for soy products in

EU countries (see appendix figure A5.1). Trade between compliers (most likely North American

exporters) and the EU also rises. This finding is in line with Santeramo et al. (2025), which

highlights that the EU TBT has the capacity to redirect imports towards compliant origins.

Our findings on the consequences of the EUDR simulation underscore the limitations of a purely

demand-side regulatory. A more effective approach would combine demand-side and supply-side

measures, including direct forest conservation incentives, carbon payments, and Contingent Trade

Agreements (CTAs) that penalize exporters based on changes in forest cover. Muradian et al.

(2025) argue that territorial approaches, such as Brazil’s Amazon Soy Moratorium and the Action

Plan for the Prevention and Control of Deforestation in the Legal Amazon (PPCDAm), have been

more effective in reducing deforestation by aligning with local public governance. In contrast, the

EUDR’s focus on value chain interventions fails to address underlying drivers of deforestation,

such as weak governance and land speculation. Harstad (2024b) also emphasizes the importance

of balancing depth and breadth in environmental agreements. The EUDR, as a “deep-but-narrow”

policy, imposes strict deforestation-free requirements on imports but applies only to the EUmarket.

A “broader-but-shallow” agreement involving multiple major importers with less ambitious regu-

lations could reduce leakage and achieve greater global impact. For instance, a CTA between the
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EU and the US could potentially reduce agricultural expansion in Brazil by up to 27% compared

to unrestricted free trade scenarios (Harstad 2024a; Harstad 2024c).

1.7 Conclusion

The EUDR is the EU’s first regulatory initiative to curb tropical deforestation through trade restric-

tions on the soy sector. We fitted the gravity model, taking the base year 2022, and assessed the

effects of the EUDR under two scenarios: one in which exporters comply with the regulation and

another in which BAP do not export soy to the EU. We chose these three countries for the non-

compliance scenario because they have faced significant forest loss directly attributable to soybean

expansion, are characterized by weak environmental governance, and hold a substantial share of

global soy production. Our results show that restrictions on South American exports redirect soy

flows toward China, while EU imports are substituted by US and Canadian suppliers. The EU

experiences expenditure losses due to increased prices arising from compliance costs, leading to

deteriorated terms of trade. The expenditure losses are even more severe when South American

countries do not comply with the EUDR. Conversely, South American countries face declining soy

price indices and producer prices with no change in terms-of-trade effects. These findings suggest

that the EU lacks sufficient market leverage to incentivize pro-forest land use decisions in major

South American soy producers.

We acknowledge some limitations in our study. Our results are under “conditional” equilibrium

in the sense of Anderson et al. (2018), which captures short-run and static trade reallocation and

price index effects of the EUDR. This model falls short in offering a discussion on long-run en-

vironmental impacts, including endogenous output responses in major producing countries, EU

domestic supply responses, and cross-commodity substitution in the vegetable oils complex (e.g.,

palm, sunflower, rapeseed). Importantly, the model also abstracts from substitution from soybeans

toward other oilseeds, which could, for example, shift deforestation from tropical soy production

areas to oil palm regions such as Indonesia. If Chinese demand contracts in the future and does not

fully absorb the restricted supply, production by South American producers could contract, leading
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to increased avoided deforestation relative to our short-run benchmarks. Modeling these chan-

nels requires a multi-sectoral equilibrium framework with endogenous supply responses, which

is beyond the scope of this paper. Finally, we do not model heterogeneous compliance capacity

(e.g., partial compliance by larger firms with exclusion of smaller producers) or subnational leak-

age dynamics within Brazil; as a result, country-level “avoided deforestation” inferences should be

interpreted cautiously. A subregional trade–land-use model linking destination-specific demand to

producing meso-regions would be better suited to assess how EUDR-induced demand shifts affect

frontier expansion versus consolidated, low-forest areas.

While our study focuses on the soy sector, future research should also examine the trade realloca-

tion and the possible deforestation leakage for commodities covered by the EUDR, such as palm

oil, rubber, cattle, cocoa, coffee, and wood products. Further evidence and robust measurements

of environmental effectiveness are warranted, particularly in measuring deforestation leakage and

indirect land use changes. Furthermore, governance and implementation challenges, such as trace-

ability and interactions with local governance, deserve research attention to ensure the regulation’s

success.
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Chapter 2

Exports and Deforestation: A

Commodity-Level Analysis
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2.1 Introduction

Agricultural expansion is a leading driver of tropical deforestation (Curtis et al. 2018; Hosonuma

et al. 2012; Pendrill et al. 2022). Agricultural deforestation matters because of its ecological,

climatic, and public-health consequences (Giam 2017; Snyder 2010; Chaves et al. 2020). Specif-

ically, a large share of global biodiversity resides in tropical forest, and the loss of these forests’

loss accelerates biodiversity decline (Giam 2017; Alroy 2017). Regarding climate, deforestation

intensifies warming and drying of local weather (e.g., Lee and Lo 2021; Werth and Avissar 2005;

Lawrence and Vandecar 2015) and also disrupts rainfall patterns, which can directly reduce agri-

cultural productivity (Lawrence and Vandecar 2015). These climatic impacts extend beyond de-

forested areas and alter distant climate, which is also known as eco‑climatic teleconnections (e.g.,

Snyder 2010; Garcia et al. 2016; Serrão et al. 2025). Deforestation is further linked to respi-

ratory and cardiovascular diseases in populations near burning or clearing sites—documented in

the Brazilian Amazon and Indonesian Borneo, where fire-season smoke dramatically raises hospi-

tal admissions for respiratory illness among communities within hundreds of kilometers of active

clearing (Damm et al. 2024; Du, Li and Zou 2024). Deforestation is also linked to higher malaria

incidence in nearby communities (Chaves et al. 2020; Arisco et al. 2024; Berazneva and Byker

2017). These externalities make it important to understand the economic forces that convert forests

into agricultural land.

International demand for agricultural commodities is one such force. International agricultural

trade is associated with approximately one‑quarter to one‑third of tropical deforestation and re-

lated emissions linked to agriculture and forestry (Pendrill, Persson, Godar, Kastner, Moran, et al.

2019; Pendrill, Persson, Godar and Kastner 2019; Persson, Henders and Kastner 2014; Henders,

Persson and Kastner 2015). Cattle, soy, oil palm, cocoa, coffee, and rubber account for much of

the deforestation embodied in trade, with hotspots in South America, Southeast Asia, and parts of

Africa (Zu Ermgassen et al. 2020; Pendrill, Persson, Godar and Kastner 2019; Singh and Persson

2024; Goldman et al. 2020).

Three strands of research have shaped our understanding on how trade and markets affect forests,
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and our contribution builds directly on them. The first uses spatially explicit accounting and

tele‑coupling frameworks to trace the deforestation and emissions embodied in the production and

trade of forest‑risk commodities (Pendrill, Persson, Godar, Kastner, Moran, et al. 2019; Pers-

son et al. 2014; Henders et al. 2015; Zu Ermgassen et al. 2020). This literature identifies the

commodities and supply chains with the largest forest footprints and shows how consumption in

one region is linked to forest loss in another. By construction, however, it documents physical

flows and associations rather than the causal response of forest loss to a change in trade. A second

strand estimates the causal effect of aggregate trade exposure—through trade liberalization, re-

gional trade agreements, or world prices in structural models—on land use and forest loss (Abman

and Lundberg 2020; Farrokhi et al. 2025; Jeddi and DePaula 2026). This work shows that trade

openness raises forest pressure where countries hold a comparative advantage in agriculture, and

that higher world prices for land‑intensive sectors reallocate land toward those sectors and toward

land‑abundant exporters (Farrokhi et al. 2025). These studies, however, operate at the level of

aggregate trade or modeled equilibria and do not recover how forest loss responds to realized ex-

ports of individual commodities. A third strand identifies the causal effect of commodity prices on

clearing, particularly for a single country or crop (Berman et al. 2023; Lundberg and Abman 2021;

Harding, Herzberg and Kuralbayeva 2021; Bragança 2018; Wilcox, Just and Ortiz-Bobea 2025).

This literature has established that higher output prices increase deforestation and that the response

is shaped by agro‑climatic suitability, governance, and credit conditions; prices, however, move

for many reasons other than foreign demand, and the evidence remains largely confined to specific

hotspots in Brazil, Indonesia, Southeast Asia, and parts of Africa, reflecting data and identification

challenges (e.g., Burgess et al. 2012; Du et al. 2024; Carreira, Costa and Pessoa 2024; Bragança

2018; Wilcox et al. 2025; Abman and Lundberg 2020; Balboni et al. 2022; Richards and Arima

2026).

This literature lacks a commodity‑specific elasticities of deforestation with respect to export de-

mand, that is comparable across commodities and regions at a global scale. To our knowledge,

no previous study has recovered commodity- and region-specific elasticities of deforestation with

respect to exports. Framing the question at the commodity level is deliberate as demand‑side forest
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regulation, the European Union Deforestation Regulation (EUDR), imposes due‑diligence obliga-

tions on a defined list of forest‑risk commodities (cattle, cocoa, coffee, oil palm, rubber, soy, and

wood) rather than on trade in general (European Parliament and of the Council 2023). A regula-

tion that is commodity specific requires evidence that on an estimate of how much deforestation

a marginal unit of export demand carries for each commodity and region. The estimates can also

inform the EUDR’s risk‑benchmarking of commodity-region pairs.

To estimate the elasticities, we assemble data on 18 agricultural commodity groups for 138 coun-

tries from 2001 to 2022. Deforestation data come from the DeDuCE model (Singh and Persson

2024), which spatially allocates tree-cover loss to specific commodities. Bilateral trade flows of

493 products, categorized into 18 commodity groups, are sourced from the CEPII-BACI database.

Exports and deforestation are jointly determined and driven by common domestic policies. To aid

identification, we instrument exports with a measure of foreign demand that is uncorrelated with

supply conditions in the exporting country. Specifically, we estimate the import-demand compo-

nent that captures how much each destination increases its imports of a product for reasons internal

to that destination (income growth, policy changes, or preferences), using a gravity model that

controls for exporter‑product‑year and country-pair fixed effects. We treat this component as a

residual import‑demand shock. For each exporter and commodity, we then construct a shift-share

measure of foreign demand (Borusyak, Hull and Jaravel 2022; Goldsmith-Pinkham, Sorkin and

Swift 2020; Adão, Kolesár and Morales 2019) by weighing the importer demand shocks by the ex-

porter’s average export shares in each destination. We use this shift-share foreign‑demand measure

as an instrument for exports in a control‑function Poisson pseudo‑maximum likelihood (PPML)

framework. The PPML accommodates the many zeros in commodity‑specific deforestation and

allows coefficient estimates to be interpreted as elasticities (Silva and Tenreyro 2006; Mullahy

and Norton 2024), while the control function corrects endogeneity in the nonlinear specification

(Wooldridge 2015). We include country–year fixed effects to absorb time‑varying national policies

and conditions, and commodity–year fixed effects to control for global price and technology trends.

We find that a 10% increase in export value raises deforestation by about 2.96% on average across

commodities. The effects are highly heterogeneous across commodities and regions. The elastic-
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ity of deforestation with respect to export value is largest for perennial and frontier commodities

(stimulants and spices, rubber, oil palm, cocoa, nuts, coffee), as well as for cattle, soybeans, and

sugar crops. Staples and horticultural crops generally show weaker responses. Using our esti-

mated elasticities, we estimate avoided deforestation that would have occurred had export demand

remained at their 2001 baseline. We keep exports constant at their 2001 level while leaving the

fixed effects and the control‑function residual unchanged, so the comparison isolates the portion

of observed deforestation attributable to post‑2001 export growth driven by export demand, rather

than to domestic conditions or unobserved supply shocks (see appendix A13 for the derivation).

These calculations indicate that growth in international demand can account for roughly 53 million

hectares of agricultural expansion into forests between 2001 and 2022, corresponding to about 49%

of the observed forest‑to‑agriculture conversion.

Our contribution is to show where, across commodities and regions, foreign demand drives de-

forestation. The export–deforestation response is uneven: it is concentrated in perennial and tree

crops and in extensive livestock and feedstock sectors, and within humid‑tropical frontiers, while

staple and horticultural crops respond weakly. This advances the existing trade–deforestation lit-

erature, which has documented the forest footprints embodied in trade (Pendrill, Persson, Godar

and Kastner 2019; Zu Ermgassen et al. 2020), the aggregate effects of trade and world prices on

land use (Farrokhi et al. 2025; Harstad 2024), and the price responsiveness of clearing in particular

hotspots (Berman et al. 2023; Du et al. 2024). Relative to that work, our results show how much

of the demand‑driven forest response is attributable to each commodity and region, rather than to

aggregate trade or price exposure, on a globally comparable basis.

This heterogeneity matters for the design of trade‑linked forest regulation, such as the European

Union Deforestation Regulation (EUDR) (European Parliament and of the Council 2023). Be-

cause the Regulation requires due diligence only for a defined list of forest‑risk commodities, the

deforestation risk carried per unit of export is the quantity needed to prioritize enforcement. Our

estimates identify which commodity–region pairs carry the highest risk—for example, palm oil

from Indonesia or cattle from Brazil—relative to low‑risk flows such as cereals from temperate

exporters. By the same logic, they indicate where blanket commodity‑neutral restrictions would
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impose due‑diligence costs with little forest benefit.

2.2 Conceptual framework: The effects of foreign demand and

export sales on deforestation

In a competitiveworldmarket, an increase in foreign demand for agricultural commodities raises in-

ternational prices and reallocates production of the commodities across countries according to com-

parative advantage. At forest frontiers, higher expected returns to the cultivation of export‑oriented

commodities can increase land rents and incentives for agricultural expansion, pushing the agricul-

tural margins into forests (Du et al. 2024; Jeddi and DePaula 2026; Richards and Arima 2026).

As illustrated in figure 1, land allocation follows a von Thünen–Ricardo logic in which producers

expand land use until the marginal value product of land, MV PL, equals its opportunity cost or

rental value, R (Angelsen and Kaimowitz 1999). The rental value is drawn horizontal, which cor-

responds to a perfectly elastic supply of convertible land under the assumption that forest land can

be brought into cultivation without surpassing its opportunity cost. The assumption is reasonable

for open frontiers where forest land is abundant and weakly priced, but it is an upper bound on the

land‑use response. A foreign‑demand‑induced price increase shifts theMV PL schedule outward,

raising the profit‑maximizing land allocation from L1 to L2. When the relevant margin is forest,

this adjustment takes the form of additional deforestation and higher export volumes. The alloca-

tion of land across activities is governed by relativeMV PLs. In many tropical settings, marginal

returns to export‑oriented agriculture (e.g., beef, soy, palm oil) exceed those from forestry, which

helps explain high deforestation rates in these regions (Benhin 2006; Angelsen and Kaimowitz

1999). While privately optimal, these choices need not be socially efficient because markets typ-

ically fail to price the public‑good services of forests—carbon storage, biodiversity, hydrological

regulation—so that the private opportunity cost of forest conservation understates its social value

(Angelsen and Kaimowitz 1999). Expectations further amplify these responses: if land users an-

ticipate persistently high future export prices or tighter future land‑use regulation, they may clear

speculatively to secure land rights or future rents, even before demand fully materializes (Angelsen

35



and Kaimowitz 1999; Benhin 2006).

Deforestation

MVPL shift
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New MVPL

Rent (R)

L1 L2 Land

V
al

ue

Figure 1: Shift in the marginal product value of land resulting from an increase in price due to

higher foreign demand

Source: Own illustration

Berman et al. (2023) shows that increases in a global crop‑price index, interacted with local

agro‑climatic suitability, are associated with disproportionately higher deforestation in cells with

abundant suitable forest and good market access. Bragança (2018) finds that increases in the rela-

tive price of soy versus beef shift land into soy production in the Brazilian Amazon, with important

implications for forest and pasture dynamics. Wilcox et al. (2025) document that rice price spikes

in Cambodia raise deforestation, particularly outside formal concessions, and Lundberg and Ab-

man (2021) show that cocoa‑ and staple‑price dynamics shape forest conversion in West Africa.

Structural trade models with land as a factor similarly predict that increases in world prices for

land‑intensive export sectors reallocate land toward those sectors and toward land‑abundant ex-
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porters (Farrokhi et al. 2025). Beyond prices, institutional and supply‑chain conditions—weak

land rights, pro‑cyclical enforcement, credit access, and concentrated buyer power—govern how

strongly a given demand shock is translated into clearing (Burgess et al. 2012; Cisneros, Kis-Katos

and Nuryartono 2021; Assunção, Gandour and Rocha 2015; Harding et al. 2021; Nedoncelle,

Delacote and Crepin 2025; Abman and Lundberg 2020).

Moreover, international prices move for reasons beyond foreign demand, such as oil prices and ex-

change‑rate fluctuations (De Gorter, Drabik and Just 2013; Roberts and Schlenker 2013; Headey

and Fan 2008). Foreign demand is one driver of the international commodity price. Global mar-

kets also feature feedback. Large‑scale deforestation increases export supply, which can feed back

into world prices and, ultimately, foreign demand. In our empirical design, we therefore use for-

eign‑demand‑driven variation as an instrument for exports and control separately for other interna-

tional price movements and domestic supply shocks.

2.3 Empirical Strategy

Our objective is to estimate how changes in international demand affect deforestation at the country–

commodity level. Let i index countries, k commodities, and t years. We denoteCikt for commodity-

specific deforestation in country i and year t, and Xikt for the export value of commodity k from

country i in year t.

We regress deforestation on exports while controlling for time‑varying confounders using country–

year (αit) and commodity–year (αkt) fixed effects. Specifically, we model

E[Cikt | Xikt, αit, αkt] = exp
(
γ lnXikt + αit + αkt

)
, (1)

The country–year effects absorb shocks common to all commodities within a country–year (e.g.,

macroeconomic conditions, broad policy changes, domestic supply‑side disruptions such asweather).

The commodity–year effects absorb global commodity‑specific shocks common across countries

in year t, in particular changes in world market conditions (including prices) for commodity k.
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We estimate (1) by Poisson pseudo–maximum likelihood (PPML). This estimator is appropriate

because Cikt contains 19.5% zeros (see Table 2.1), naturally accommodates zeros, and remains

consistent under heteroskedasticity (Silva and Tenreyro 2006). In a log‑link mean model with

lnXikt as a regressor, γ can be interpreted as an elasticity of deforestation with respect to exports,

∂ lnE[Cikt | ·]
∂ lnXikt

= γ, (2)

so that a 1 percent increase in export value is associated with an approximate γ percent change in

expected deforestation (Mullahy and Norton 2024).

2.3.1 Endogeneity and shift–share instrument

The identification of the effect of export sales on deforestation faces two main challenges. First,

expanding agricultural land and clearing forests can directly raise production capacity and thus

exports (Carreira et al. 2024; Bragança 2018; Du et al. 2024). In addition, unobserved shocks—

such as infrastructure expansion, subsidy or credit programs, or changes in enforcement—may

affect both deforestation and export performance (Balboni et al. 2022; Assunção et al. 2015;

Burgess et al. 2012; Cisneros et al. 2021). Second, international price shocks that do not primarily

originate from international demand changes—for example, exchange‑rate movements or changes

in international supply‑chain governance—can also incentivize deforestation (Harding et al. 2021).

We address the first challenge by using a shift-share instrument, namely foreign demand instrument,

for endogenous exports. In addition, we address second challenge by including commodity–year

fixed effects, which control for global price and technology trends that affect all exporters of a

commodity in a given year.

The instrument isolates variation in export value driven by destination‑side demand conditions by

combining time‑invariant exposure weights that capture each country–commodity pair’s average

export shares across destination–product markets, and time‑varying import‑demand shifters at the

destination–product level that are purged of exporter‑side supply shocks. This is consistent with

shift–share guidelines developed by Borusyak, Hull and Jaravel (2024).
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Let j index the countries that import commodities from the countries in which deforestation is

occurring. Further, let s index products, with s ∈ k indicating that product s belongs to commodity

k. We first estimate a product‑level multiplicative gravity equation:

Xijst = exp
(
ϕist + ψjst + µijs

)
εijst, (3)

where Xijst is the export value of product s from exporter i to importer j in year t. The exporter–

product–year fixed effects ϕist absorb exporter‑side supply conditions for product s in year t that

accounts for the outward multilateral resistances and for production (Anderson, Larch and Yotov

2018). The importer–product–year fixed effects ψjst summarize importer‑side conditions, which

accounts for inwardmultilateral resistances and expenditures (Anderson et al. 2018). The exporter–

importer–product fixed effects µijs capture time‑invariant bilateral trade costs and policies, such as

long‑standing trade agreements, distance, contiguity, and colonial or language.

We measure the exposure of each country–commodity pair to destination markets using average

export shares over 2001–2022:

ωk
ijs =

Xk, 2001–2022
ijs∑

j′
∑

s′∈kX
k, 2001–2022
ij′s′

,
∑
j

∑
s∈k

ωk
ijs = 1, (4)

where Xk, 2001–2022
ijs is cumulative export value of product s ∈ k from country i to destination j

over 2001–2022, and the denominator is total export value of commodity k from country i over

the same period. These long‑run averages capture persistent trade orientation—reflecting compar-

ative advantage, geography, agro‑ecological suitability, and stable trade relationships—rather than

short‑run shocks.

Our foreign-demand instrument aggregates the one-year lagged importer–product–year fixed effect

ψ̂jst from equation (3) with the exposure weights from (4), as follows:

F̂Dikt =
∑
j

∑
s∈k

ωk
ijs ψ̂js,t−1. (5)
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Following Fally (2015), ψ̂js,t−1 equals log
(
P̂ θ
js,t−1Ejs,t−1/E0s

)
, where P̂js,t−1 is the CES price

index of destination j for product s in year t−11, Ejs,t−1 is total imports of product s at destination

j in year t− 1, and E0s is a normalization constant. Thus F̂Dikt measures how much exporter i’s

commodity-k exports are exposed to shifts in destination price indexes and import demand. We use

a one-year lag in (5), which limits simultaneity between current deforestation Cikt and destination-

side import demand. The instrument is plausibly exogenous as it captures variation in importer-side

conditions that is uncontaminated with exporter supply.

Exclusion restriction. Identification requires that F̂Dikt affect deforestation in country i only

through its effect on that country’s exports of commodity k, and through no other channel correlated

with deforestation. Conditional on the country–year and commodity–year fixed effects, the lagged

destination‑side import‑demand shifters ψ̂js,t−1 that drive the instrument must be uncorrelated with

exporter‑side commodity‑specific shocks to land clearing such as domestic credit, enforcement,

zoning, or weather. The design makes this plausible in two ways. First, the shifters are uncon-

taminated with exporter‑side supply conditions by the exporter–product–year fixed effects ϕist in

the gravity model (3), so ψ̂js,t−1 reflects destination income, preferences, and policy rather than

conditions in the exporter country. Second, the country–year and commodity–year fixed effects in

the estimating equation absorb, respectively, all national shocks common across commodities and

all global commodity‑specific shocks (including world prices), so the instrument is identified from

the interaction of destination demand with each exporter’s predetermined market exposure. The

restriction would fail if a destination’s import demand responded to anticipated supply and hence

clearing—in origin i. To break this anticipation effect, the one‑year lag of shifter is used.

2.3.2 First stage and PPML IV estimation

We estimate the first‑stage regression:

lnXikt = πF̂Dikt + αit + αkt + νikt, (6)

1P−θ
js,t−1 is the inward multilateral resistance, measuring the average trade cost that destination j faces when sourc-

ing product s from all origins. The exponent −θ captures the trade elasticity, therefore θ is positive by construction in
Fally (2015).
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The expected sign of coefficient π̂ on F̂Dikt is positive by construction. Because F̂Dikt rises when

destination j faces higher import demand and price index, that should increase the export value of

commodity k from country i if it is exposed to that destination.

To estimate the causal effect of exports on deforestation in the PPML framework, we use a con-

trol‑function estimator (CF-PPML). In nonlinear models, simply replacing an endogenous regres-

sor by its first‑stage fitted value does not deliver consistent partial effects, however residual in-

clusion restores consistency (Papke and Wooldridge 2008; Wooldridge 2015). We estimate (6) by

fixed‑effects OLS and obtain residuals ν̂ikt. We then estimate the second‑stage PPML:

E[Cikt | lnXikt, αit, αkt, ν̂ikt] = exp
(
γ lnXikt + αit + αkt + δν̂ikt

)
, (7)

where γ identifies the effect of export value on deforestation. The strength and significance of δ = 0

provides a formal test of whether residual inclusion effectively controls endogenous supply shocks.

Because the second stage includes generated regressors (ν̂ikt), we base inference on a nonparametric

block bootstrap that resamples at the country–commodity level and re‑estimates both stages within

each replication (see appendix 9 for details). We estimate heterogeneity by commodity group, by

continent, and by continent-commodity pairs using the same CF-PPML estimator but replacing

lnXikt with the interaction of lnXikt and the relevant subgroup indicator in the second stage. The

full estimating equations for the pooled and heterogeneous (commodity, continent, and continent–

commodity) specifications are written out in appendix A11.

2.4 Data

Our dataset covers 138 countries (listed in appendix 1) and 18 commodity groups comprising 493

HS products over 2001-2022. We select only countries that experienced agricultural-driven de-

forestation in all 22 years. The correspondence between HS codes and 18 commodity groups is

shown in appendix 2. The unit of observation is a country-commodity-year triplet. The panel

is unbalanced because agro-climatic conditions exclude many country-commodity combinations

from production. For example, European countries are excluded from tropical commodities such
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as rubber, coffee, cocoa and cassava, since these crops require tropical conditions that European

climates cannot support. We drop 483 agroclimatically infeasible country-commodity pairs out of

2,484 possible pairs (138 × 18), leaving 2001 country-commodity pairs.

Deforestation. We obtain commodity-specific deforestation from the DeDuce model developed by

Singh and Persson (2024), which attributes observed tree-cover loss to the most likely proximate

commodity driver by combining remote-sensing layers (i.e. spatial attribution) where available and,

otherwise, a land-balance method using agricultural land-use and harvested area statistics (i.e sta-

tistical attribution). The model reports the ex-post unamortized and amortized deforestation based

on land-cover and land use dynamics (see appendix 3 for model details). Unamortized deforesta-

tion assigns the full forest loss to the year it occurs, whereas amortized deforestation distributes

impacts (especially carbon emissions) over a 5-year period to better capture short- to medium-run

policy relevance. We use unamortized deforestation data in the main analysis. Figure A3.1 illus-

trates the cumulative deforestation by country over the sample period. We aggregate FAOSTAT

commodity-level deforestation into 18 groups: cassava, cocoa, coffee, fibre crops, fruits, maize,

nuts, other cereals, other oilseeds, cattle (pasture), pulses and legumes, rice, rubber, soybeans, stim-

ulants/spices/aromatics, sugar crops, and vegetables. The correspondence of FAOSTAT items to

these 18 groups is shown in appendix 4.

Trade: We use the CEPII-BACI trade matrix, which reports bilateral export values (in USD) by

HS product and reconciles mirror figures to address measurement error relative to Comtrade data

(Gaulier and Zignago 2010). WematchHS codes to our 18 commodity groups to construct country–

commodity–year export values.

The analysis sample includes 37,948 country-commodity-year observations with non-missing ex-

ports and instrument. Table 2.1 reports the descriptive statistics of deforestation (ha), exports (thou-

sands USD), and the shift-share foreign demand instrument. Deforestation is highly skewed, with

a mean of 2,490 hectares, a median of 4.85 hectares, and a standard deviation of 36,596 hectares.

A total of 9,164 country-commodity-year observations record zero deforestation. Export sales are

similarly skewed, with a mean of 430,647 thousand USD, a median of 22,015 thousand USD, and

a maximum of approximately 62.6 billion USD. The foreign demand instrument has a mean of
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0.94 (median 0.99) and ranges from -9.41 to 8.76, reflecting variation in destination-market de-

mand conditions across commodities and years. Descriptive statistics for exposure shares and the

underlying shifts are reported in appendix 5 and appendix 6, respectively.

Table 2.1: Descriptive statistics of variables under study

Statistic Export (’000 USD) Deforestation (ha) Foreign Demand (F̂Dikt)

Count of Zero 0 9164 0

Minimum 0.00 0.00 -9.41

Mean 430646.56 2490.24 0.94

Maximum 62635824.56 2467977.22 8.76

1st Quartile 1790.45 0.00 0.48

Median 22014.76 4.85 0.99

3rd Quartile 160538.46 155.42 1.44

Standard Deviation 1695259.13 36595.86 0.88

Notes: Export is total bilateral export value in thousands of USD. Deforestation is unamortized

commodity-attributed forest loss in hectares. Foreign demand is the lagged shift-share

instrument constructed from the gravity model.

Figure 2 illustrates the relationship between deforestation, foreign demand, and exports. Panel (a)

indicates that commodities with higher export growth tend to have higher cumulative deforestation.

Commodities with notably higher export growth include other oilseeds (1,139%), palm (1,137%),

cassava (1,028%)2, soybeans (557%), and maize (493%). However, cattle have a very high cumu-
2Cassava’s very high percentage export growth reflects an extremely small initial export base. Cassava is predom-

inantly a non-traded subsistence staple, so even modest absolute increases in trade translate into large proportional
changes. This also leads to higher deforestation intensity.
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lative deforestation footprint with moderate export growth (394%). Panel (b) indicates that com-

modities have a disproportionate deforestation share relative to export share. Commodities such

as cattle, cassava, palm, rubber, rice, pulses, cocoa, and maize have a higher deforestation share

relative to export share. Conversely, fruits, other cereals, vegetables, sugar, stimulants, coffee,

other oilseeds, nuts, and soybeans have a lower deforestation share in relation to their export share.

Panel (c) shows that commodities vary starkly in deforestation intensity, measured as hectares per

$1 billion of export sales. Intensity is highest for cassava (~69 ha per $1 billion), followed by cattle

(~32), palm (~19), and rubber (~15). A middle tier includes pulses (~12), rice (~11), cocoa (~10),

and maize (~9). Other oilseeds and soybeans both record ~4 ha per $1 billion, and coffee, stimu-

lants, nuts, sugar, and vegetables each record 2–3 ha per $1 billion. Fruits, fiber, and other cereals

have the lowest intensity (~1 ha per $1 billion). Panel (d) presents the Pearson correlation matrix.

The correlations are 0.19 between deforestation and exports, 0.04 between deforestation and for-

eign demand, and 0.27 between foreign demand and exports. The deforestation–foreign demand

and deforestation–exports correlations are weak, while the foreign demand–exports correlation is

moderate and positive, consistent with the instrument’s relevance condition.
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Figure 2. Relationship between foreign demand, exports, and deforestation. Panel (a) shows the log

of cumulative deforestation (hectares) against the export growth over 2001 to 2022 by commodity

group. The black solid line represents the OLS fitted line, and the shaded regions denote 95%

confidence interval. Panel (b) compares deforestation shares against export share by commodity

group. The dashed line is a 45-degree line indicating equal shares of deforestation and exports.

Panel (c) shows bar plots of deforestation intensity, measured as hectares per $1 billion of export

sales. Panel (d) presents the Pearson correlation matrix between deforestation, foreign demand, and

exports. Panels (a)-(c) use commodity-level aggregates. Panel (d) uses country-commodity-year

data.

2.5 Results

Table 2.2 reports the first-stage estimates, where logXikt is regressed on F̂Dikt conditional on

country–year and commodity–year fixed effects. The coefficient on F̂Dikt is positive and statis-

tically significant. The positive sign reflects the construction of the instrument. F̂Dikt rises when

destination markets have higher total import demand and price index, which raises bilateral import

demand from exporter i and increasesXikt. TheF -statistic is above the conventional rule-of-thumb

threshold of 10 (Staiger and Stock 1997), suggesting that the instrument is strong. The subsample

first-stage regressions by commodity groups and continents (see appendix table A7) show that the

instrument is strong for most commodity groups and continents, with F -statistic above 10 for most

of them. Further, following Borusyak et al. (2022), we check that this strength does not rest on

a few dominant destination–product markets by computing the effective number of shifters (the

inverse Herfindahl–Hirschman index of the exposure weights) for each country–commodity pair

(see appendix 5). The large effective number of shifters indicates that the instrument draws on

sufficiently diversified exposure patterns rather than a handful of markets.
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Table 2.2: First-stage regression: effect of foreign demand instrument on log exports

Log Exports

F̂Dikt 0.9080***

(0.0623)

Observations 37,948

F-statistic 38.91

R² 0.649

Country × Year FE Yes

Commodity × Year FE Yes

Notes: Standard errors clustered by country–commodity and year in

parentheses. Country–year and commodity–year fixed effects included.

* p < 0.10, ** p < 0.05, *** p < 0.01.

Table 2.3 reports the pooled estimate of the elasticity of deforestation with respect to export sales,

instrumented with F̂Dikt. The export elasticity coefficient is 0.31, implying that a 10% increase in

export sales raises deforestation by 2.96%. The control‑function residual ν̂ikt is positive but not sta-

tistically significant, suggesting that after controlling for country–year and commodity–year fixed

effects, the remaining variation in exports is approximately exogenous to deforestation. F̂Dikt

removes exporter‑specific and bilateral shocks that move both export shares and deforestation, iso-

lating variation in destination–product demand and inward multilateral resistance common to all

origins.
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Table 2.3: Effect of export sales on deforestation

Deforestation

Log(Exports) 0.306***

(0.138)

[0.073, 0.606]

Residual 0.135

(0.156)

[-0.238, 0.359]

Observations 37,405

Pseudo R-squared 0.862

Country × Year FE Yes

Commodity × Year FE Yes

Instrument F̂Dikt

Notes: Bootstrap standard errors (1,000 replications) in

parentheses. 95% bootstrap percentile CIs in brackets. Fixed

effects: country×year, commodity×year. * p<0.10, ** p<0.05, ***

p<0.01.

Figure 3 illustrates the heterogeneous effects of export sales on deforestation by commodities and

continents. At the commodity level, the largest elasticities are for tree and perennial crops: stim-

ulants (0.92), rubber (0.84), palm (0.82), cocoa (0.76) and nuts (0.68). Substantial elasticities also
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appear for soybeans (0.60), other cereals (0.59), cattle (0.54), sugar (0.49), coffee (0.48), and fibre

(0.46). Smaller but statistically significant elasticities appear for other oilseeds (0.36), vegetables

(0.32), pulses (0.31), fruits (0.26), maize (0.23), and rice (0.21). Cassava (0.03) has a small and

statistically insignificant elasticity.3 At the continent level, export elasticities are highest in South

America (0.65), Southeast Asia (0.52), and Europe (0.50), all significant at the 1% level. North and

Central America (0.34) and Rest of Asia (0.31) show moderate significant responses, while Africa

(0.12), Oceania (0.11), and North Asia (0.20) have statistically insignificant elasticities.

Figure 3: Heterogeneous deforestation elasticities with respect to exports. Panel (a) shows esti-

mates by commodity; Panel (b) shows estimates by continent. All specifications include country-

year and commodity-year fixed effects and are estimated by control-function PPML, instrumenting

exports with F̂Dikt. The bootstrap standard errors of 1000 replications are reported in parenthesis.

Significance levels: *** p<0.01, ** p<0.05, * p<0.1.

Figure 4 disaggregates the export–deforestation elasticities by continent–commodity pair. Ex-
3The near-zero cassava elasticity, despite its largemeasured export growth, is consistent with cassava being a largely

non-traded subsistence staple whose export growth comes off a very small base, so foreign demand exerts little leverage
on cassava-related clearing.
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port‑driven deforestation is again concentrated in humid‑tropical frontiers in SouthAmerica, South-

east Asia, and Africa, where suitable agro‑climatic conditions for palm oil, cocoa, rubber, coffee,

nuts, and stimulants overlap strongly with remaining forests. In South America, almost all export

commodities exhibit large positive elasticities. Cocoa (0.97), coffee (0.89), stimulants (0.89), palm

(0.88), nuts (0.86), rubber (0.79), soybeans (0.77), fibre (0.72), other cereals (0.68), cattle (0.65),

sugar (0.59), pulses (0.59), other oilseeds (0.59), vegetables (0.48), maize (0.46), fruits (0.45), cas-

sava (0.41), and rice (0.38) all show statistically significant responses. In Southeast Asia, export

elasticities are large for tree crops: stimulants (0.72), cocoa (0.69), nuts (0.68), coffee (0.65), palm

(0.64), and rubber (0.53) are strongly positive. Soybeans (0.46), fibre (0.43), other oilseeds (0.35),

other cereals (0.33), sugar (0.33), pulses (0.30), cattle (0.27), vegetables (0.26), and fruits (0.23)

are positive and significant. Maize (0.21) and rice (0.17) are positive but insignificant; cassava

(0.03) is near zero.

In Africa, tree and perennial crops dominate. Nuts (0.73), coffee (0.70), cocoa (0.69), stimulants

(0.63), palm (0.54), fibre (0.50), soybeans (0.46), rubber (0.35), other cereals (0.33), pulses (0.30),

other oilseeds (0.29), cattle (0.28), and vegetables (0.19) are positive and significant. Sugar, maize,

fruits, cassava, and rice have small and statistically insignificant elasticities. In the Rest of Asia,

nuts (0.68), stimulants (0.65), fibre (0.56), cocoa (0.55), coffee (0.54), soybeans (0.49), other ce-

reals (0.41), rubber (0.41), pulses (0.37), palm (0.37), other oilseeds (0.35), cattle (0.33), sugar

(0.28), and vegetables (0.26) show positive and significant responses. Fruits, maize, and rice are

positive but insignificant; cassava records a negative and significant elasticity (−0.21). In Europe,

elasticities are large across a wide range of crops: nuts (0.96), stimulants (0.78), fibre (0.73), soy-

beans (0.72), other cereals (0.65), pulses (0.59), other oilseeds (0.58), cattle (0.52), sugar (0.48),

maize (0.44), vegetables (0.42), and fruits (0.37) are positive and significant, while rice (0.27) is

significant at the 10% level.

Results are mixed in other regions. In North and Central America, coffee (0.80), nuts (0.77), stim-

ulants (0.71), cocoa (0.71), palm (0.69), fibre (0.66), soybeans (0.60), and rubber (0.55) have the

largest responses. Other cereals (0.47), pulses (0.46), other oilseeds (0.42), cattle (0.41), sugar

(0.40), maize (0.31), fruits (0.29), and vegetables (0.28) are also positive and significant. Rice
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(0.15) and cassava (0.03) are statistically insignificant. In Oceania, cocoa (0.63), coffee (0.56),

nuts (0.53), stimulants (0.47), and fibre (0.39) are positive and significant. Palm (0.47), other ce-

reals (0.28), other oilseeds (0.25), rubber (0.23), and soybeans (0.19) are positive but insignificant;

rice (−0.39) and cassava (−0.89) are negative and insignificant. North Asia is generally muted:

stimulants (0.56), nuts (0.53), and rubber (0.52) are marginally significant at the 10% level, while

all other commodities are statistically insignificant. Cassava (−0.25) and rice (−0.04) are negative

but insignificant.
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Figure 4: Deforestation elasticities of commodities with respect to exports for each continent. The

estimates are based on control-function PPML estimation. The fixed effects include country–year

and commodity–year fixed effects. Bootstrap standard errors based on 1,000 replications are re-

ported in parentheses. Red color indicates positive elasticities and green indicates negative elastic-

ities. Significance levels: *** p<0.01, ** p<0.05, * p<0.1.

2.6 Robustness checks

2.6.1 Alternative specifications checks

To assess robustness to functional form, we estimate the effect of international demand using

four alternative outcome transformations, which are log(Deforestation), log(1+Deforestation), as-

inh(Deforestation) and level. Across these specifications, we keep the same fixed effects and clus-

tering. Qualitatively, the results are similar across all outcomes (see appendix A12). Signs and

statistical significance are preserved in the pooled sample. The pattern of heterogeneous responses

by commodity (stronger for land‑intensive frontier commodities such as cocoa, palm, rubber, soy-

beans, and pasture) and by region (larger in South America and Southeast Asia) remains consistent

with main results. Magnitudes adjust as expected with the transformation. PPML tends to give

greater weight to observations with larger conditional means. Log-based models emphasize pro-

portional changes among positive observations. Inverse hyperbolic sine sits between these two.

2.6.2 Placebo test

The consistency of the estimates from our shift-share design relies on the exogeneity of demand at

product-destination-year, (s, j, t), for each country-commodity-year, (i, k, t). We treat the shares

as fixed and test whether the geographic pattern of importer-side demand shocks matters for iden-

tification. Within each commodity–exporter–year cell (k, i, t), we keep the shares ωk
isj unchanged

but randomly reassign the importer fixed effects ψ̂jkt across destination countries j, thereby break-

ing the link between the actual destination-specific shocks and each exporter’s trade partners. We

repeat this 1,000 times and re-estimate the effect of foreign demand on deforestation. Figure 5

53



presents the resulting placebo distributions. The estimated coefficient and t-statistic from the ac-

tual data fall outside the placebo distribution, confirming that identification stems from the actual

geographic pattern of importer-side demand shocks and not from a mechanical correlation in the

instrument construction.

Figure 5: Distributions of estimated coefficients and t-statistics from shock permutation samples.

Note: The density plots are based on 1,000 iterations in which importer fixed effects ψ̂jkt are

randomly shuffled across destination countries within each commodity–exporter–year cell, keeping

export shares fixed. The 95% confidence intervals are constructed using percentile confidence

intervals at the 2.5th and 97.5th percentiles of the placebo distribution. The red vertical solid lines

represent the coefficient and t-statistic estimated from the actual data.

2.6.3 Alternative shares

A potential concern with our shift-share instrument is that the export shares ωk
ijs are computed over

the analysis period (2001–2022) and could themselves reflect deforestation-driven component in

trade composition. If, say, clearing additional land enabled country i to expand exports of com-

modity k to destination j during the study period, the increased shares would represent supply-side

responses, violating the exogeneity condition (Goldsmith-Pinkham et al. 2020; Borusyak et al.

2022).
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We test this concern by reconstructing the instrument using pre-sample shares computed from the

1996–2000 trade data, five years before the analysis period begins. Formally, we replace ωk
ijs with

ωk,pre
ijs , the average bilateral export share for each country–product pair over 1996–2000, while

retaining the same importer-side demand shocks ψ̂jkt−1 from the gravity model estimated on the

full panel:

F̂D
pre

ikt =
∑
j

∑
s∈k

ωk,pre
ijs ψ̂js,t−1. (8)

Pre-sample shares are predetermined relative to all deforestation and trade adjustments in the anal-

ysis period, so this specification is not the endogenous-shares by design. The downside is that pre-

sample shares may imprecisely measure each exporter’s true market exposure by the mid-2010s,

as trade networks evolve. This measurement error in the shares would attenuate the first stage and

potentially reduce precision.

Appendix A17 reports the pooled and heterogeneous results under F̂D
pre

ikt . The pooled export elas-

ticity of deforestation is similar in magnitude to the main estimate, and statistically significant at the

1% level. The pattern of heterogeneous responses is qualitatively preserved: perennial and frontier

commodities (stimulants, rubber, palm, cocoa, nuts) and the cattle and soybean sectors carry the

largest commodity-level elasticities, while staples show small or insignificant responses. By con-

tinent, South America and Southeast Asia retain the highest elasticities. These results indicate that

the main findings are not an artifact of endogenous base-period shares.

2.6.4 Alternative instrument check

We construct a second instrument, F̂D2ikt, that replaces bilateral pair fixed effects in the gravity

equation (3) with observable trade-cost controls. We estimate the gravity equation as shown below:

Xijst = exp
(
β1 ln dij + β2COLij + β3LANGij + β4CONTGij + ϕist + ψjst

)
εijst, (9)

55



where dij is bilateral distance, COLij indicates ever-colonial ties, LANGij a common official

language, and CONTGij a shared land border. Exporter–commodity–year (ϕist) and importer–

commodity–year (ψjst) fixed effects are retained. We construct the instrument aggregating desti-

nation fixed effects and effects of arguably exogenous bilateral variables.

F̂D2ikt =
∑
j

exp
(
β̂1 ln dij + β̂2COLij + β̂3LANGij + β̂4CONTGij + ψ̂jkt−1

)
, (10)

Unlike F̂Dikt, which weights destination shocks by observed export shares, F̂D2ikt aggregates

gravity-predicted demand using time-invariant bilateral trade costs which is an alternative way to

isolate exporter-specific foreign market exposure from supply-side variation.

Appendix table A16.1 reports the pooled result. The pooled export elasticity of deforestation under
̂FD2ikt−1 is 0.514, which is larger in magnitude than the 0.31 estimate from the main specification.

However, heterogeneous effects by commodity group and continent, shown in appendix figures

A16.1–A16.2, are qualitatively consistent with the main results. Perennial and tree crops (stim-

ulants, rubber, palm, cocoa, nuts) carry the largest elasticities, and South America and Southeast

Asia account for the highest continent-level responses.

2.7 Discussion

Our control‑function PPML estimates indicate that a 10% increase in exports raises commod-

ity‑specific deforestation by 2.96%. Berman et al. (2023) estimates that a 10% increase in their

suitability‑weighted crop price index increases tropical deforestation by a little over 10% (an elas-

ticity on the order of one). This price elasticity is plausible given that they focus on total tree‑cover

loss, whereas our focus is on forest loss explicitly linked to agricultural expansion.

A key contribution of our analysis is to reveal heterogeneity behind this aggregate effect. Ex-

port‑mediated deforestation elasticities are concentrated in perennial tree crops (stimulants, rubber,

oil palm, cocoa, coffee, nuts) and extensive livestock/feed sectors (cattle, soy), and are largest in

South America, Southeast Asia and Europe. This pattern closely mirrors pan‑tropical footprint and

56



tele‑coupling studies, which attribute most export‑embodied deforestation to beef/cattle, soy, palm

oil, rubber, cocoa and coffee (Pendrill, Persson, Godar, Kastner, Moran, et al. 2019; Pendrill, Pers-

son, Godar and Kastner 2019; Pacheco et al. 2021; Meyfroidt et al. 2020). The magnitudes are

broadly consistent with country‑level causal evidence linking export or price shocks to substantial

forest loss in Brazil, Indonesia, and other tropical frontiers (e.g., Du et al. 2024; Carreira et al.

2024; Abman et al. 2020). Noticeably, the variation in export‑deforestation elasticities is larger

across commodities than across regions.

We interpret three mechanisms behind the larger elasticities of the perennial tree crops. First, the

agro‑climatic niches of these crops overlap closely with tropical and humid forests in the Ama-

zon/Cerrado, Indonesia–Malaysia and West Africa (Pendrill, Persson, Godar, Kastner, Moran, et

al. 2019; Pendrill, Persson, Godar and Kastner 2019; Curtis et al. 2018; Pacheco et al. 2021),

so expansion margins in these sectors are likely to be forest. Second, these are high‑value, ex-

port‑oriented crops providing higher incentives to expansion. This fits with evidence that a small

set of high‑value commodities accounts for a disproportionate share of trade‑embodied deforesta-

tion (Pendrill, Persson, Godar, Kastner, Moran, et al. 2019; Pendrill, Persson, Godar and Kastner

2019; Meyfroidt et al. 2020). Third, perennial tree crops involve high establishment costs and long

gestation lags but, once established, are relatively hard to reconfigure (Leijten et al. 2023; Gock-

owski and Sonwa 2011; Sassen et al. 2022). So, demand shocks are often met by expansion rather

than intensifying or rejuvenating existing stands (e.g., Angelsen 2010; Lambin andMeyfroidt 2011;

Ahrends et al. 2015).

In contrast, staple cereals and horticultural crops shows comparatively weaker export‑deforestation

elasticities. One plausible explanation is displacement and intensificationmechanisms. As high‑value

export crops expand, staple and horticultural production can reallocate onto already cleared land,

and additional demand may be met through yield gains rather than expansion (García et al. 2020;

Meyfroidt, Rudel and Lambin 2010). This interpretation is reasonable in land-scarce or post-

transition regions, where agricultural growth occurs through intensification, imports and spatial

reorganization than through low-value clearing (García et al. 2020; Meyfroidt et al. 2010). Global

and regional studies likewise document land‑sparing patterns (e.g., Lambin and Meyfroidt 2011;
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Meyfroidt et al. 2020; Zabel et al. 2019; Byerlee, Stevenson and Villoria 2014; Villoria, Byerlee

and Stevenson 2014).

The relatively larger elasticities estimated for Europe should be interpreted with caution. They re-

flect high proportional sensitivity, but not high absolute scale. Europe accounts for only a small

share of global commodity‑attributed deforestation—for instance, around 0.1% for stimulants (about

530 ha), 4.7% for other cereals (127.7 thousand ha), and 0.4% for cattle (196.8 thousand ha)—far

below the corresponding shares in the major tropical frontier regions (appendix A15). Thus, even

moderate changes in land conversion can generate comparatively large elasticities when measured

against a small initial deforestation base. This denominator effect is reinforced by the fact that ex-

port growth in Europe is generally smaller than in other regions (appendix A8), while percentage

changes in deforestation can still appear large because baseline deforestation levels are low (see

appendix A14). One plausible interpretation is that European export expansion operates through

land‑use adjustment within post‑forest‑transition landscapes, such as re-cultivation of fallow land

or conversion of secondary and semi‑natural woody cover, rather than through large‑scale tropical

frontier clearing (e.g., Meyfroidt et al. 2020). This is also consistent with Europe’s role as a major

importer, rather than exporter, of tropical forest‑risk commodities such as oil palm, cocoa, coffee,

and rubber. On this reading, the European coefficients indicate that export growth can induce mea-

surable land conversion even in mature agricultural systems, while remaining globally much less

important than tropical export‑frontier dynamics.

Our estimates should be interpreted with several caveats. Because identification comes from shift–

share instruments, they capture the effects of differential destination–product demand shocks while

absorbing common global price movements and national shocks. However, even with time‑varying

country controls, we cannot fully exclude the influence of time‑varying, commodity‑specific do-

mestic policies, such as credit expansion, zoning changes, or shifts in enforcement. In addition,

our framework is reduced-form and largely static, so it does not explicitly model dynamic land-

use adjustment and may understate or mis-time responses where deforestation occurs with lags,

particularly for perennial crops. Finally, although commodity–year fixed effects absorb common

international price movements, this effectively treats global price shocks as common across pro-
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ducers. In practice, price pass-through may be incomplete and heterogeneous across countries and

sub-national regions.

A further limitation concerns indirect and cross‑border leakage. For example, when higher soy

demand displaces pasture, the resulting pasture expansionmay clear forest, so part of the soy‑driven

deforestation is realized as pasture clearing. So our commodity‑specific elasticity is thus a direct

own‑commodity conversion response in own country. For a land‑displacing crop such as soy, the

estimated elasticity is a lower bound on its full demand‑driven deforestation, since some of the

clearing it induces is counted under the absorbing activity, may be as cattle-driven deforestation.

2.8 Conclusion

We provide evidence that international demand is an important driver of deforestation linked to

agricultural expansion. Using a shift–share identification strategy in a panel of 138 countries and

18 commodity groups over 2001–2022, we find that a 10% increase in export sales raises com-

modity‑attributed deforestation by approximately 2.96%. This average effect, however, masks

heterogeneity across commodities and regions. Export‑driven deforestation is concentrated in a rel-

atively small set of forest‑risk commodities, especially perennial and tree crops such as stimulants

and spices, rubber, oil palm, cocoa, coffee, and nuts, together with livestock and feed/feedstock

commodities such as cattle, soybeans, and sugar crops, while staple and horticultural crops exhibit

much smaller or statistically insignificant responses.

These findings speak directly to current debates on trade‑linked forest regulation. They support the

emphasis of emerging policies on a relatively small set of high‑risk commodities, consistent with

broader evidence that a limited number of forest‑risk exports account for a disproportionate share of

deforestation embodied in trade. Because our estimates provide globally comparable elasticities,

they can complement simulation‑based assessments of demand‑side measures, trade policy, and

market‑mediated leakage (for example, Taheripour, Hertel and Ramankutty 2019; Arima et al.

2021). Conversely, the small or negative elasticities estimated for staple and horticultural crops

suggest that blanket zero‑deforestation requirements across all agricultural trade may be poorly
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targeted. In these sectors, sustainable intensification and domestic land‑use governance may be

more effective than stringent trade restrictions.
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Chapter 3

Domestic Market Access and Cropland

Expansion in Brazil
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3.1 Introduction

Domestic logistics is a constraint on the competitiveness of Brazilian agriculture (Fliehr, Zimmer

and Smith 2019; Oliveira andAlvim 2017; Branco et al. 2022). Themain reason is grain production

remains concentrated in the interior of Brazil. In 2024, the Center-West alone produced 144.5

million tonnes, or 48.5% of Brazil’s cereals, legumes, and oilseeds (USDA Agricultural Marketing

Service 2024; Companhia Nacional de Abastecimento (Conab) 2025). This carries a large cost to

transport from one location to another. For example: the route from North Mato Grosso to the

port of Santos, total transportation costs in 2024 amounted to roughly one-third of the reported soy

farm-gate price (USDA Agricultural Marketing Service 2024).

Transport infrastructure is therefore central to agricultural growth in Brazil. Long-distance grain

flows have historically depended on road transport (Correa and Ramos 2010; Fliehr et al. 2019;

Costa, Soares-Filho and Nóbrega 2022), in contrast to the United States, where long-distance grain

transport relies on rail and barge movements (Friend and Lima 2011). Recent studies show that rail

expansion and intermodal corridor investment can reduce freight costs, reorganize port hinterlands,

and shift soybean and corn flows toward northern export routes (Branco et al. 2022; Branco et

al. 2021; Wang et al. 2024; Costa et al. 2022). Yet the transport network system remains road

dominant and infrastructure is poor. The official statistics indicate that only 12.4% of Brazil’s road

network is paved and that rail carries 17.7% of the national freight matrix (Confederação Nacional

do Transporte 2024; Ministério dos Transportes 2024a). The policy response has accelerated in

recent years. The Malha Paulista rail concession was renewed in May 2020 (Governo Federal do

Brasil 2020). The BR-163/230 corridor linking Sinop toMiritituba was conceded in 2022, after full

paving of the Pará segment reduced trip times from more than ten days to roughly three (Agência

Nacional de Transportes Terrestres 2022). At the national level, the current planning framework is

organized around PNL 2035, launched in 2021, while a new Integrated Transport Planning cycle

was instituted in 2024 to guide subsequent logistics priorities (Governo Federal do Brasil 2021;

Ministério dos Transportes 2024b). This reorganization is already visible in shipment patterns,

with soy and corn flows through Northern Arc ports rising from 36.7 million tonnes in 2020 to

57.6 million tonnes in 2024 (USDA Agricultural Marketing Service 2024; Companhia Nacional
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de Abastecimento 2025). These investments amount to a reorganization of Brazil’s grain transport

system, motivated in part by the expectation that lower logistics costs will raise competitiveness

and reshape the geography of agricultural production (Branco et al. 2022; Branco et al. 2021;

Wang et al. 2024).

What transport investments do in theory is straightforward. Lower freight costs raise the farm-gate

price of output and lower the delivered price of inputs, so they change both the revenue and the

cost side of the farm budget (Chomitz and Gray 1996). This makes it cheaper to sell crops, buy

inputs, and adopt yield-enhancing technologies, so better connectivity can raise output on land al-

ready in cultivation (Shamdasani 2021; Jacoby and Minten 2009; Aggarwal et al. 2024). But that

intensive-margin response is itself ambiguous. Yield per hectare can rise simply because cheaper

fertilizer and chemicals lead farmers to applymore inputs per hectare or because of technical change

that raises output for a given bundle of inputs. Yield alone cannot separate the two, and therefore

can be a misleading proxy for productivity in the sense of technical change (Villoria, Byerlee and

Stevenson 2014). Lower freight costs also expand the set of locations in which cultivation is prof-

itable. In frontier regions, improved access can induce an extensive-margin response, drawing new

and lower-quality land into production rather than raising output on existent farmland (Frey et al.

2018; Schielein et al. 2021; Weinhold and Reis 2008; Vera-Diaz, Kaufmann and Nepstad 2009).

The aggregate effect depends on which margin dominates. If improved transport network mainly

draws marginal land into cultivation, output rises while output per hectare stays negligible or falls

as lower-quality land dilutes the municipal average.

This paper estimates the effect of domestic market access on production value, harvested area, and

land productivity of temporary crops across Brazilian municipalities from 2015 to 2023. Using the

structural gravity framework of Donaldson and Hornbeck (2016) and Eaton and Kortum (2002),

we construct municipality-period market access measures from Dijkstra least-cost bilateral routing

on IBGE’s multimodal transport network across five survey periods, combining roads, rail, wa-

terways, and transshipment margins into a common cost object. The identifying variation comes

from within-municipality changes in market access generated by observed changes in Brazil’s net-

work between period, after controlling time-invariant spatial endowments, state-by-period shocks,
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and smooth spatial trends interacted with time. We do not claim a causal effect, as infrastructure

investment is partly directed by anticipated agricultural growth, and the fixed-effects design can-

not absorb municipality-specific differential trends in agricultural potential that may be correlated

with paving and concession decisions. We therefore treat each effect as a within-municipality con-

ditional association. A 10% improvement in domestic market access raises production value by

0.6 to 0.8% and expands the area under temporary crops by about 0.5%. Our measure of land

productivity, value per harvested hectare, shows no robust long-run change. The extensive mar-

gin dominates, and improved connectivity in Brazil expands the area under cultivation rather than

raising output per hectare.

This aggregate result masks regional heterogeneity. North municipalities show a decline in value

per hectare (-0.061 to -0.150), alongside positive area expansion (0.065). This is consistent with

cultivation moving onto marginal land. The Cerrado, which accounts for the bulk of Brazilian soy

and maize production, drives the aggregate results, with significant effect on value and area. In the

semi-arid Caatinga, connectivity raises production value without the accompanying area expansion,

with a first-difference value elasticity of 0.62, pointing to market integration rather than frontier

advance as the operative mechanism.

The paper fits within a literature on how transport infrastructure reshapes economic activity through

market access. Donaldson (2018) shows that Indian colonial railways raised real agricultural in-

come by 16% and compressed interregional price gaps, with planned-but-never-built lines as a

placebo; the mechanism is trade expansion, not productivity. Donaldson and Hornbeck (2016) de-

rivemarket access as the empirical object that summarises railroad welfare effects in the nineteenth-

century United States, and find that removing all railroads in 1890 would have reduced agricultural

land values by 64%. That is the framework we adapt here. Storeygard (2016) links lower transport

costs to higher urban income near Sub-Saharan African ports, and Jedwab and Storeygard (2022)

documents that road-induced market access gains raised city populations over 1960 to 2010 with an

elasticity of 0.08 to 0.13. These papers establish market access as a tractable summary of network

effects for many welfare questions, but they leave less well understood how those gains decompose

across value, land, and productivity in a contemporary developing-country agricultural setting.
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Two papers, Souza-Rodrigues (2019) and Araujo, Assunção and Bragança (2025), are most closely

related to our paper. Souza-Rodrigues (2019) develops a revealed-preference framework for Ama-

zon deforestation and identifies deforestation demand from regional variation in transportation

costs; it is foundational for the extensive margin but is cross-sectional and centered on forest loss

rather than agricultural production. Araujo et al. (2025) measures market access for the Legal

Amazon using Dijkstra shortest paths on roads, railways, rivers, and ports, and finds that a 1%

gain in market access raises deforestation by 0.5%, with indirect network spillovers accounting for

one-quarter of the total. This literature establishes that better access pushes the agricultural frontier

outward; what it does not do is decompose the agricultural adjustment on the cultivated side into

how much arrives as higher value, how much as more land, and how much as higher output per

hectare.

Our paper makes two contributions. First, where the roads-and-deforestation literature measures

the land-use externality of access, wemeasure the agricultural response that generates it, decompos-

ing it into production value, harvested area, and value per hectare for the whole of Brazil rather than

the Amazon alone. This decomposition is what tells transport planners whether a corridor delivers

its returns by lifting output per hectare on existing farmland — the food-security and land-sparing

case — or by drawing new and often marginal land into cultivation, the case that carries the envi-

ronmental cost emphasised by Chomitz and Gray (1996) and Gollin andWolfersberger (2025). Our

central finding is that, on average, the response is expansion rather than intensification. Second, we

show that this margin is not uniform across space: the frontier expansion visible in the North and

Amazônia coexists with a market-integration response in the Cerrado and Caatinga, where better

access raises value with little or no area dilution. The same trade-cost reduction therefore implies

frontier expansion in one biome and market deepening in another, which matters directly for where

and how transport investment is evaluated.
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3.2 Theoretical framework

3.2.1 Trade costs and market access

The theoretical framework follows the Ricardian trade model of Eaton and Kortum (2002) and the

market-access interpretation of transport networks in Donaldson and Hornbeck (2016). Suppose

each municipality i can supply agricultural varieties to every destination municipality j. Under per-

fect competition, the delivered price from origin i to destination j depends on origin costs, bilateral

trade costs, and productivity. In this setting, the share of destination j’s expenditure allocated to

origin i is

λij =
Ti(τijci)

−θ∑
k Tk(τkjck)

−θ
, (1)

where Ti indexes municipality i’s productivity distribution, ci is its unit cost, τij ≥ 1 is the ice-

berg trade cost from i to j, and θ is the trade elasticity. Lower transport costs reduce τij , thereby

increasing the expenditure share captured by origins that become more accessible to destination

markets.

If destination j spends Ej on agricultural goods, then sales from municipality i to municipality j

are

Xij = λij Ej. (2)

Total agricultural sales from municipality i are therefore

Xi =
∑
j

Xij. (3)

Following Donaldson and Hornbeck (2016), these network-wide demand opportunities can be sum-

marised by domestic market access. For municipality i in period t, let

66



MAit =
∑
j

Ejt

τ−θ
ijt

Φjt

, (4)

where

Φjt =
∑
k

Tk(τkjtck)
−θ, (5)

is the destination-specific price-index term. Municipal sales can then be written as

Xit = Ti c
−θ
i MAit. (6)

This expression links transport networks to agricultural outcomes. Improvements in roads, rail-

ways, and waterways reduce bilateral trade costs, increase market access, and thereby raise the

demand faced by a municipality’s agricultural sector.

3.2.2 Predictions for agricultural outcomes

The trade framework delivers clear predictions for agricultural adjustment, but not a single unam-

biguous prediction for land productivity. The reason is that an increase in market access raises

agricultural demand and profitability through the same channel that increases municipal sales, but

the resulting response may occur through either intensification on existing land or expansion onto

new land.

Let cultivated land in municipality i consist of plots h ∈ Hi, with plot-specific agricultural produc-

tivity aih. Suppose the operating profit from cultivating plot h in period t is

Πiht = aih Ti c
−θ
i MAit − κih, (7)

where κih is the fixed cost of bringing plot h into production. A plot is cultivated if profits are

non-negative, Πiht ≥ 0. Harvested area is therefore
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Ait =

∫
Hi

1{Πiht ≥ 0} dh. (8)

BecauseΠiht is increasing inMAit, better connectivity expands the set of plots for which cultivation

is profitable. The model therefore implies

∂Ait

∂MAit

≥ 0. (9)

This is the extensive-margin prediction: improvements in market access should weakly increase

harvested area.

Aggregate agricultural production value can be written as

Yit =

∫
Hi

aih Ti c
−θ
i MAit 1{Πiht ≥ 0} dh. (10)

Since higher market access raises returns on already-cultivated plots and also expands the cultivated

set, the framework predicts

∂Vit
∂MAit

> 0. (11)

Improvements in market access should therefore increase total agricultural production value.

Land productivity is defined as value per harvested hectare:

Pit =
Vit
Ait

. (12)

Unlike value and area, the sign of the effect of market access on value per hectare is theoretically

ambiguous. If higher market access mainly raises returns on land already under cultivation, then

the intensive margin dominates and value per hectare rises. If instead higher market access mainly

induces cultivation of new and lower-quality plots, then the extensive margin dominates and aver-
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age value per hectare may remain unchanged or decline (Weinhold and Reis 2008; Vera-Diaz et al.

2009; Souza-Rodrigues 2019; Schielein et al. 2021; Frey et al. 2018).

Which margin dominates depends on how elastic a supply response the municipality has, and this

is what makes the ambiguity sharpest in frontier settings. Two features distinguish the frontier.

First, frontier municipalities produce highly tradable commodities, for example soybeans andmaize

bound for exports, and an individual municipality is small relative to those markets, so it faces a

near-perfectly-elastic demand, which means the output are sold at given prices, and any gain in

profitability translates into the incentive to expand rather than into a falling local price (Hertel,

Ramankutty and Baldos 2014). Second, the frontier holds large stocks of convertible land, so the

area supply responds strongly to that incentive. Where both conditions hold, a profitability gain

is taken out on the extensive margin, and because the marginal land can be lower quality, average

value per hectare can fall even as total value rises, which is the mechanism behind documented

Jevons-type expansion in the Cerrado and Amazon (Byerlee, Stevenson and Villoria 2014; Bustos,

Caprettini and Ponticelli 2016). In consolidated landscapes the opposite holds. A little convertible

land remains and producers are closer to land-constrained, so a comparable gain in access is ab-

sorbed on the intensive margin with no productivity dilution. The empirical sections show exactly

this contrast between the North and Amazônia on one side and the Cerrado, Caatinga, and South

on the other.

The framework therefore yields three empirical predictions. First, a rise in domestic market access

should increase total agricultural production value. Second, a rise in market access should weakly

increase harvested area by expanding the set of profitable plots. Third, the effect of market access

on value per hectare is ambiguous: it should be positive if the intensive margin dominates, close

to zero if intensive and extensive responses offset, and negative if expansion onto marginal land

dominates. We emphasize that this third prediction concerns value per harvested hectare, not total

factor productivity; the data cannot adjudicate whether any intensive-margin gain reflects heavier

input use or technical change.
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3.3 Data

3.3.1 Agricultural outcomes

Agricultural outcomes come from IBGE’s Municipal Agricultural Production (PAM) (Instituto

Brasileiro de Geografia e Estatística 2024b). For each municipality-year, total production value

and total harvested area are constructed by aggregating across temporary crops. Land productivity

is defined as value per harvested hectare:

Productivityit =
∑

cValuecit∑
cAreacit

. (13)

3.3.2 Population

Population is drawn from the 2014 IBGE municipal estimates (Instituto Brasileiro de Geografia e

Estatística 2024a). This data is used to construct the market access measure as a proxy for destina-

tion demand.

3.3.3 Multimodal network data

The transport networks are built from the IBGE BC250 cartographic database (Instituto Brasileiro

de Geografia e Estatística 2022), which provides shape files for roads, railways, and navigable

waterways. Five survey periods are available: 2015, 2017, 2019, 2021, and 2023. Between 2015

and 2023 the paved road network expanded by about 18%, total road coverage grew by 28%, and

the operational rail network grew by 6%. Figure 3.1 compares the network in 2015 and 2023.

3.3.4 Descriptive statistics

Table 1 reports descriptive statistics for the analysis panel. Three features of temporary-crop out-

comes stand out. First, the outcomes have right-skewed distributions in levels. Mean production

value is R$78,374 thousand and mean harvested area is 14,352 ha, but the medians are R$9,340

thousand and 2,340 ha respectively, with the 75th percentile already below the mean: a hand-
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Figure 3.1: Multimodal transportation network: roads, railways, and waterways for 2015 (left) and
2023 (right). Each row shows one mode. Road panels distinguish three surface classes, which are
paved (blue), gravel or primary surfacing (orange), and dirt or natural bed (grey). Segments with
an unrecorded surface are omitted. Waterway panels distinguish navigable reaches by maximum
draught.
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ful of large agricultural municipalities, mostly in the Center-West, dominate national totals. The

log transformations compress this skew. The log of production value has standard deviation 2.32

against a mean of 9.11, and the log of harvested area has standard deviation 2.09 against a mean

of 7.73. Second, productivity (value per harvested hectare) has a tighter distribution, with mean

R$6.29 thousand/ha and an interquartile range of R$2.57–7.47 thousand/ha. The log productivity

standard deviation of 1.00 is roughly half that of value and area, which reflects that variation across

municipalities is dominated by extensive-margin differences in area rather than intensive-margin

differences in yield per hectare. Third, the panel is unbalanced: production value and harvested

area are non-missing for 26,976 municipality-years (out of a possible 5,527 × 5 = 27,635), so 660

observations are missing from IBGE PAM. These missing observations are concentrated in munic-

ipalities that did not cultivate temporary crops in the relevant year.

Table 3.1: Descriptive statistics for the analysis panel (municipality-period observations, 2015–
2023).

Variable N Mean SD Min P25 Median P75 Max

Production value (R$ 1,000) 26,976 78,374 297,222 1 1,701 9,340 53,653 9,967,562

Harvested area (ha) 26,979 14,352 47,589 1 555 2,340 10,284 1,218,591

Productivity (R$ 1,000 / ha) 26,976 6.29 9.87 0.00 2.57 4.32 7.47 428.71

log Production value 26,976 9.11 2.32 0.00 7.44 9.14 10.89 16.11

log Harvested area 26,979 7.73 2.09 0.00 6.32 7.76 9.24 14.01

log Productivity 26,976 1.38 1.00 -5.90 0.94 1.46 2.01 6.06

Notes. The panel covers 5,527 Brazilian municipalities observed across five survey periods. The

upper three rows present variables in levels: production value (R$1,000), harvested area (hectares),

and productivity defined as total value divided by total harvested area (R$1,000 per hectare). The

lower three rows present the natural-logarithm transformations of the same three variables that
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enter the regressions. Domestic market access MAD
it is reported separately in the Market Access

Measurement section and is not included here. The panel is unbalanced; columns report the sample

size, mean, standard deviation, minimum, 25th, 50th, and 75th percentiles, and maximum for each

variable.

3.4 Market access measurement

3.4.1 Least-cost multimodal routing

For each survey period, roads, railways, and waterways are combined into a multimodal graph.

Municipality administrative centers are connected to the road network, and bilateral transport costs

are computed as least-cost routes using Dijkstra’s algorithm. The routing problem therefore allows

flows to switch across modes when doing so lowers total shipment cost, while also accounting for

transshipment penalties at transfer points.

Let costijt denote the minimum shipment cost from municipality i to municipality j in period t,

measured in reais per tonne. Total route cost is:

costijt = min
path

∑
e∈path

βe de +
∑

m∈transfers

ctransm

 , (14)

where βe is themode-specific freight rate on edge e, de is edge length, and ctransm is the transfer cost in-

curred when a shipment changes mode. Freight rates are taken from ESALQ-LOG and SIFRECA

market information together with public planning benchmarks (ESALQ-LOG / SIFRECA 2024;

Empresa de Planejamento e Logística (EPL) 2021). Using observed shipper costs rather than engi-

neering costs follows the applied logic in Donaldson and Hornbeck (2016) and Araujo et al. (2025).

The full schedule of mode-specific rates appears in Table 3.2.
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Table 3.2: Mode-specific freight rates used in least-cost routing.

Mode Rate (R$/TKU) Notes

Highway, paved (reference) 0.425 EPL/PNL benchmark

Highway, gravel 0.691 Speed-adjusted:

0.425× 65/40

Highway, dirt 0.921 Speed-adjusted:

0.425× 65/30

Motorway, paved 0.346 Speed-adjusted:

0.425× 65/80

Rail 0.066 Rumo / VLI bulk-grain

average

Waterway, large vessel

(> 3 m draught)

0.100 Amazon, Madeira,

Paraguay

Waterway, medium (1–3 m

draught)

0.140 Tocantins, São Francisco

Waterway, shallow (< 1 m

draught)

0.168 Paraná, Tietê systems

Port/terminal

transshipment

5.0 R$/tonne Per modal transfer

Rail transport is 6.4 times cheaper per tonne-kilometre than a paved highway; large-vessel water-

ways are 4.3 times cheaper. The transshipment fee deters implausible all-river routing by capturing

handling costs at Northern Arc terminals.

3.4.2 From route costs to market access

To map route costs into bilateral trade resistance, we convert the least-cost route cost into a road-

equivalent effective distance. The road-equivalent distance is
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Figure 3.2: Distribution of bilateral iceberg trade costs τijt = d0.21ijt across municipality pairs and
IBGE transportation network survey periods (2015–2023), where dijt = costijt/βroad is the road-
equivalent effective distance. Panel A shows the period-by-period boxplot; panel B shows the
kernel density. Lower values indicate cheaper bilateral trade resistance; shifts in the distribution
between periods reflect network improvements (and, in 2021, the drought-driven contraction of the
waterway network).

dijt =
costijt
βroad

, (15)

with βroad = 0.425 R$/TKU, the paved-highway reference freight rate. Dividing route cost by

the road rate converts reais-per-tonne back into kilometres of equivalent paved-road travel, which

makes the bilateral resistance easier to interpret. The iceberg trade cost then follows Limão and

Venables (2001) (Table 2, column 3),

τijt = dαLV
ijt , (16)

with αLV = 0.21, i.e. ln τ = 0.21 ln d. Combining this with the trade elasticity θ = 8.22 from Don-

aldson and Hornbeck (2016) yields a market-access decay parameter of θαLV = 1.726. Figure 3.2

shows the empirical distribution of τijt across municipality pairs and survey periods.

Panel A reports the year-by-year distribution of τijt. The median falls from 4.68 in 2015 to 4.27
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in 2021, then rises to 4.43 in 2023 as the waterway network partially recovers from the drought.

The interquartile range narrows from 0.85 in 2015 to 0.69 in 2019 and 0.71 in 2021, indicating

that bilateral trade resistance is both lower and more homogeneous across municipality pairs over

the period. Panel B shows the corresponding kernel densities. The year-on-year shift is a leftward

translation of the entire distribution, not a movement confined to the upper tail.

Domestic market access for municipality i in period t is then constructed as

MAD
it =

∑
j ̸=i

d−1.726
ijt · Popj,2014 + Popi,2014, (17)

where dijt is the road-equivalent effective distance defined in equation (15), and the own-population

term is a normalisation for the internal market with dii ≡ 1. Because the own term is time-invariant,

the identifying variation in market access comes from changes in bilateral route costs to other

municipalities.

This market-access variable is a theory-guided summary of network connectivity rather than a

directly observed economic variable. In our study, MAD
it in levels has a median of 42.1 million, a

mean of 43.9 million, and a maximum of 100.6 million. Log market access has a mean of 17.45 and

standard deviation of 0.66 across the pooled panel. The cross-sectional dispersion within a given

survey period (standard deviation 0.47–0.89 by year) is the dominant source of variation in the

data, but the within-municipality variation that the regressions use comes from changes between

survey periods. The mean logMAD rises from 17.09 in 2015 to a peak of 17.76 in 2021, then

dips to 17.46 in 2023 as the waterway-driven 2021 gain partially reverses with the post-drought

network. The mean log change from 2015 to 2023 differs across regions: South (+1.10), North

(+0.66), Center-West (+0.58), Southeast (+0.27), and Northeast (–0.02). The South gains the most

in proportional terms because much of its incremental connectivity comes from densification of an

already-dense road and rail network and the Northeast moves little because its baseline connectivity

is high relative to the scale of incremental investment over this period.

Figure 3.3 compares domestic market access in the first and last survey periods, 2015 and 2023, and
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Figure 3.3: Domestic market access (MAD
it ) for Brazilian municipalities in the first and last survey

periods. Panel A shows 2015 and panel B shows 2023; in each, every municipality’s MAD
it is

divided by the largest value across municipalities in that same year, so the scale runs from 0 to 1 and
1.0 marks the best-connected municipality of the year. The two level panels are each normalized to
their own year and so show within-year relative position rather than directly comparable absolute
levels. Panel C maps the raw change MAD

i,2023 −MAD
i,2015 divided by the largest absolute change

across municipalities, so it runs from −1 to 1; green denotes gains in market access and purple
denotes losses. Isolated municipalities are excluded and shown in grey.

maps the change between them. In both years, market access is highest in the densely connected

Southeast and South — the single best-connected municipality is in Rio de Janeiro state in 2015

and in São Paulo state in 2023 — and lowest in remote Amazon municipalities. Connectivity rose

broadly over the period: 78.6% of municipalities gained market access and only 21.4% lost it, and

the highest municipal value rose by 36% between the two years. Because each level panel is nor-

malized by its own year’s maximum, two municipalities with the same shade in panels A and B are

not equally connected in absolute terms; the 2023 panel is scaled against a benchmark 36% larger,

so it understates the true gain. The change panel, built from the raw differenceMAD
i,2023−MAD

i,2015,

is what isolates where connectivity actually improved. Its scale is set by a single Minas Gerais mu-

nicipality that moved from near-isolation to full connection over the period, which compresses the

remaining gains toward the lighter end of the green range.
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3.5 Empirical strategy

3.5.1 Baseline panel specification

The main specification relates agricultural outcomes to within-municipality changes in domestic

market access:

lnYit = β lnMAD
it +

9∑
k=1

φk [gk(xi, yi)× periodt] + δi + γst + εit, (18)

where Yit is production value, harvested area, or land productivity; δi are municipality fixed ef-

fects; γst are state-by-period fixed effects; and gk(xi, yi) denotes a cubic polynomial in municipal

coordinates interacted with period dummies. Municipality fixed effects absorb time-invariant lo-

cal characteristics such as soil quality, long-run climate, and historically inherited market access.

State-by-period fixed effects absorb common shocks at the state level, including policy shifts and

commodity-price conditions. The interacted geographic polynomial removes smooth spatial trends

that may be correlated with infrastructure change, following the empirical strategy in Donaldson

and Hornbeck (2016).

3.5.2 First differences

The second specification uses consecutive first differences across adjacent survey periods:

∆ lnYit = β∆ lnMAD
it +

9∑
k=1

φk [gk(xi, yi)× periodt] + γst +∆εit, (19)

This transformation removes municipality-specific time-invariant components and places more

weight on shorter-run changes in connectivity. It checks whether the panel results are driven by

slow-moving level differences rather than by changes in the network.
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3.5.3 Long difference

The third specification reduces the panel to the total change between 2015 and 2023:

∆15,23 lnYi = β∆15,23 lnMAD
i +

9∑
k=1

φk gk(xi, yi) + δs + εi. (20)

This long-difference design emphasises cumulative network change over the full study period and

reduces the influence of short-term noise in outcomes or connectivity.

3.5.4 Identification

A threat to causal estimation is that infrastructure improvements are directed toward places with

stronger expected agricultural growth. The empirical design narrows but does not eliminate that

concern. Municipality fixed effects absorb time-invariant determinants of productivity and land-

use potential; state-by-period fixed effects absorb common shocks at the state level, including pol-

icy shifts and commodity-price conditions; the cubic geographic polynomial interacted with period

absorbs smooth spatial trends that may be correlated with infrastructure change. What these con-

trols cannot absorb is a municipality-specific differential trend in agricultural potential that is also

correlated with prioritisation of paving or concession decisions — for example, the BR-163 paving

north of Sinop was prioritised in part because Mato Grosso soy producers were anticipating ex-

pansion. The first-difference and long-difference specifications check that the panel pattern is not

driven solely by slow-moving level differences, but they do not by themselves provide an exclusion

restriction. The paper therefore does not claim a causal estimate, and we treat β throughout as a

within-municipality conditional association – a partial correlation that nets out the controls above

– rather than an exogenous causal elasticity.

One route to an exclusion restriction, which we leave to future work, exploits the structure of our

own measure. Because MAD
it is built from Dijkstra least-cost routes over the observed network,

it already embeds endogenous network choices. A complementary design would compute market

access over an engineering-ideal or planned network— least-cost routing on links that were planned
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but not necessarily built — and use it as an instrument for realised connectivity, in the spirit of the

planned-but-unbuilt railroad lines used as a placebo by Donaldson (2018).

Two further scope conditions follow from the data. First, the regression sample retainsmunicipality-

years with positive harvested area (see Section 3.1), so the estimated area elasticity describes the

intensive-area response among municipalities already cultivating temporary crops; entries from

zero harvested area to positive cultivation are not in the sample. Second, the productivity outcome

is value per harvested hectare, not total factor productivity. Production value combines physical

yield with farm-gate price, and connectivity improvements can mechanically raise the farm-gate

component without any change in yield. A coefficient on log value per hectare therefore reflects the

sum of a price pass-through and a yield response; and the yield response itself blends input inten-

sification with technical change, as discussed in Section 2. We read this coefficient as evidence on

the intensive margin broadly, and we are deliberately cautious in attributing it to technical change;

we return to this distinction in the interpretation of regional heterogeneity in Section 6.

Estimated separately for production value, harvested area, and value per hectare reveals whether

transport improvements are associated mainly with the intensive margin, the extensive margin, or

both. That decomposition is the central empirical contribution of the paper.

3.6 Results

3.6.1 Production value and cropland area expand but long-run productivity

does not

Table 3.3 reports the effects of transport improvements from equations (18)–(20) for each of the

three outcomes. Across all three specifications, the same pattern emerges: better market access

raises production value and harvested area.
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Table 3.3: Effect of domestic market access on agricultural outcomes.

Prod. Value Area

Panel A: Long Panel OLS

log MAD 0.018 0.065** 0.047**

(0.015) (0.028) (0.022)

Observations 26,967

Panel B: First Difference OLS

log MAD 0.034** 0.080** 0.046*

(0.014) (0.033) (0.025)

Observations 21,451

Panel C: Long Difference OLS

log MAD 0.010 0.060** 0.050*

(0.021) (0.027) (0.026)

Observations 5,289

Notes. The dependent variables are log productivity, log production value, and log harvested area.

The regressor in Panel A is logMAD
it as defined in equation (17); in Panel B it is the first differ-

ence of logMAD
it between consecutive survey periods; in Panel C it is the long difference between

2015 and 2023. Panel A reports the within-municipality long-panel specification (equation (18))

with municipality fixed effects, state-by-period fixed effects, and a cubic polynomial in municipal

coordinates interacted with period. Panel B reports the consecutive first-difference specification
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(equation (19)) on stacked 2-year gaps with the same fixed-effect and polynomial controls. Panel

C reports the long-difference specification (equation (20)) on the 2015-to-2023 cross-section with

state fixed effects and a cubic geographic polynomial. The standard errors are in parentheses, which

are clustered at the state level. *** p < 0.01; ** p < 0.05; * p < 0.10.

First, production value rises significantly across all three specifications. The elasticity of production

value with respect to market access ranges between 0.060 and 0.080. These magnitudes imply that

a 10% gain in domestic market access raises production value by 0.6 to 0.8%. Second, cropland

area increases alongside production value. The elasticity of land use with respect to domestic

market access is 0.047 to 0.050. For the median municipality, which harvests 4,800 ha of temporary

crops, a 10% market access gain implies an additional 230 to 240 ha under cultivation. Third, land

productivity shows different responses across time horizons. The long-panel and long-difference

productivity elasticities in Panels A and C of Table 3 are 0.018 and 0.010 respectively, and neither is

statistically significant. The consecutive first-difference productivity elasticity in Panel B is 0.034

and is significant at the 5% level. One interpretation is that reduced trade cost can generate short-

run gains in value per hectare through lower transport costs, cheaper input access, or better market

integration, as in evidence from developing country agriculture (Aggarwal et al. 2024; Jacoby and

Minten 2009; Shamdasani 2021).

The three outcomes point to a clear mechanism. Better market access increases agricultural pro-

duction value, and it does so in part by increasing harvested area. But because value per hectare

shows no robust long-run response, the aggregate output effect is not driven by sustained gains in

output per hectare. Instead, the estimates point to an extensive-margin adjustment in which lower

trade costs draw additional land into cultivation. That interpretation is consistent with the frontier

evidence in Weinhold and Reis (2008) and Vera-Diaz et al. (2009). The link from improved access

to deforestation in the Amazon is documented in Souza-Rodrigues (2019) and Araujo et al. (2025).

This interpretation is consistent with the literature. Araujo et al. (2025) shows that improved mul-

timodal market access in the Amazon raises deforestation, which is one mechanism through which

previously uncultivated or lower-quality land enters production. Donaldson (2018) likewise finds

that railroads in colonial India raised real income through market integration and trade expansion
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rather than through a farm-level productivity channel.

3.6.2 The North shows the extensive-margin response

Figure 3.4 shows heterogeneity of production across Brazilian regions, with the clearest extensive-

margin pattern concentrated in the North.

The North region shows that better connectivity expands cultivation onto marginal land. The elas-

ticity of land productivity with respect to market access is –0.061 in the long panel and –0.150 in

the long difference, both statistically significant at the 1% level. However, harvested area rises in

the long panel, with an elasticity of 0.065 that is also significant at the 1% level. This combination

of falling productivity and expanding area points towards an extensive-margin response. Improved

market access draws new cultivation into Amazon municipalities, and the additional land brought

into production has below-average productivity, which lowers the municipal average. This finding

is consistent with Weinhold and Reis (2008) and Vera-Diaz et al. (2009), which emphasise how

lower transport costs can expand cultivation into less developed frontier areas. It is consistent with

Araujo et al. (2025), which shows that market access in the Legal Amazon increases deforestation.

The Southeast warrants caution in interpretation. In the long panel, market access is associated

with positive effects on both production value (0.080) and harvested area (0.049), each statisti-

cally significant at the 1% level. But unlike in the North, these gains are not accompanied by

a negative productivity effect. That makes the Southeast result look less like frontier expansion

and more like market integration or selective expansion within an established agricultural region.

This interpretation differs from the Amazon frontier mechanism emphasized byWeinhold and Reis

(2008), Vera-Diaz et al. (2009), and Araujo et al. (2025). If anything, it is consistent with the view

that lower trade costs improve commercialization and output value without inducing land-quality

dilution (Aggarwal et al. 2024; Jacoby and Minten 2009; Shamdasani 2021).

The Central-West region, which accounts for the largest share of Brazilian soybean and maize

production, shows a different pattern. Production value responds positively to market access across

specifications, while the productivity response is weaker and limited to the short run. In the first-
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difference specification, the productivity elasticity is 0.024 and marginally significant at the 10%

level. That short-run pattern is consistent with evidence that lower transport costs improve farm

performance through cheaper inputs and better market integration (Aggarwal et al. 2024; Jacoby

andMinten 2009; Shamdasani 2021). The long-difference area estimate is large, at 0.290, reflecting

cross-sectional heterogeneity in agricultural development across Center-West municipalities. The

Central-West estimates suggest connectivity raises agricultural activity in the country’s main grain-

producing region, but the balance between intensification and expansion is less sharply identified

than in the North.

The South region shows coefficients close to zero throughout, consistent with diminishing returns to

additional connectivity in a dense andmature transport network. TheNortheast presents larger point

estimates but limited precision. The long-panel production-value elasticity is 0.231 and marginally

significant at the 10% level, suggesting that some municipalities in the semi-arid interior are sen-

sitive to connectivity improvements, even if the average regional estimate is noisy. The Southeast

shows a stable positive pattern in the long panel, with significant effects on both production value

(0.080) and harvested area (0.049), each at the 1% level. These estimates indicate that better mar-

ket access continues to support agricultural expansion in parts of the Southeast, though without the

productivity decline observed in the North.

The regional results support the main interpretation of the paper. Lower transport costs do not gen-

erate a uniform agricultural response across Brazil. In frontier regions, especially the North, im-

proved connectivity operates through area expansion onto lower-productivity land. In consolidated

agricultural regions, the same connectivity gains are associated with increases in output value and,

in some cases, area expansion, but not with the same frontier mechanism. The aggregate estimates

thus mask spatial heterogeneity in how transport infrastructure reshapes agricultural adjustment.

Notes. Each box reports the estimate of the elasticity of the outcomes with respect to market access

for regions. Regions are represented in rows. The columns are the three specifications: long panel

OLS (equation (18)), with municipality and state-by-period fixed effects and a cubic polynomial in

coordinates interacted with period; consecutive first-difference OLS (equation (19)), with state-by-

period fixed effects and the cubic geographic polynomial interacted with period; and 2015-to-2023

84



Figure 3.4: Effect of domestic market access on agricultural outcomes by region.
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long-difference OLS (equation (20)), a cross-section with a cubic geographic polynomial. The

blue color represents the positive elasticity and red represents the negative. Standard errors are in

parentheses, and clustered at the state level. *** p<0.01, ** p<0.05, * p<0.10.

3.6.3 Biome estimates distinguish the Amazon frontier from the Cerrado

Figure 3.5 illustrates the biome-level estimates, which contrast Amazônia with the Cerrado.

The Amazônia biome shows the largest negative long-difference productivity coefficient (–0.134),

statistically significant and larger in magnitude than the full-sample estimate. One interpretation:

improved transportation induced agricultural expansion in the forest frontier, and the newly culti-

vated land is marginal enough to reduce average productivity (Weinhold and Reis 2008; Vera-Diaz

et al. 2009). The link from improved access to frontier expansion and deforestation in the Amazon

is consistent with Souza-Rodrigues (2019) and Araujo et al. (2025). By contrast, production-value

effects in Amazônia are weak or negative, indicating that the frontier mechanism is not one of

efficiency gains.

The Cerrado shows a stable positive response across outcomes. Production value is positive and

statistically significant in all three specifications, with elasticities of 0.058 in the long panel, 0.077

in first differences, and 0.057 in the long difference. Harvested area is likewise positive and sig-

nificant, while productivity is small but weakly positive. This pattern is consistent with improved

transportation supporting continued agricultural expansion in Brazil’s core grain-producing biome

without the productivity penalty seen in the Amazon frontier.

The Caatinga and Mata Atlântica require caution. In the Caatinga, production value responds

strongly in the first-difference specification, but area and productivity estimates are less stable

across estimators. This suggests that transport improvement in the semi-arid Northeast supports

market integration and short-run value gains rather than a land-expansion margin, a pattern closer

to the market-integration channel emphasized in Aggarwal et al. (2024), Jacoby andMinten (2009),

and Shamdasani (2021) than to a frontier-expansion story. The Mata Atlântica, like the South re-

gion, shows coefficients close to zero throughout. In dense and historically integrated transport
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Figure 3.5: Effect of domestic market access on agricultural outcomes by biome.

space, further reductions in domestic trade costs yield limited agricultural adjustment.

The biome estimates complement the regional results by providing an ecological interpretation of

the main mechanism. The effect of domestic market access depends not only on the size of the

transport shock but also on the type of land into which agriculture expands. In frontier biomes,

especially Amazônia, better connectivity is associated with falling average productivity, consistent

with cultivation moving onto lower-quality land. In the Cerrado, by contrast, better connectiv-

ity raises value and area with little evidence of a comparable productivity decline. The aggregate

Brazilian response is therefore an average of distinct regional and biome-specific adjustment pro-

cesses.

Notes. Each box reports the estimate of the elasticity of the outcomes with respect to market access

for each biome. Regions are represented in rows. The columns are the three specifications: long

panel OLS (equation (18)), with municipality and state-by-period fixed effects and a cubic polyno-

mial in coordinates interacted with period; consecutive first-difference OLS (equation (19)), with

state-by-period fixed effects and the cubic geographic polynomial interacted with period; and 2015-
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to-2023 long-difference OLS (equation (20)), a cross-section with a cubic geographic polynomial.

The blue color represents the positive elasticity and red represents the negative. Standard errors

are in parentheses, and clustered at the state level. *** p<0.01, ** p<0.05, * p<0.10.

3.7 Conclusion

This paper estimates how improvements in domestic market access affect agricultural outcomes

across Brazilian municipalities. Using a market-access measure built from least-cost routes on

roads, railways, and waterways, it shows that better transportation raises agricultural production

value and expands the area under temporary crops, but does not generate a robust long-run gain

in value per harvested hectare. Across the three main specifications, the elasticity of production

value with respect to domestic market access lies between 0.060 and 0.080, while the elasticity

of harvested area lies between 0.047 and 0.050. By contrast, the long-panel and long-difference

estimates for value per hectare remain close to zero, even though the consecutive first-difference

specification shows a short-run positive effect of 0.034. The broad pattern is expansion of the

cultivated area rather than a higher-value intensive margin.

The result fits the market-access framework developed in Donaldson and Hornbeck (2016) and the

Brazilian frontier evidence inWeinhold and Reis (2008), Vera-Diaz et al. (2009), Souza-Rodrigues

(2019), and Araujo et al. (2025). Lower transport costs raise agricultural demand and profitability,

but the resulting increase in output need not come from higher value per hectare. In Brazil, the

dominant margin is cropland expansion. The regional and biome results reinforce that conclusion.

In the North and in the Amazônia biome, better transportation is associated with falling value per

hectare and expanding area, consistent with cultivation moving onto marginal land. In the Cerrado,

by contrast, better transportation raises production value and harvested area consistently, with little

evidence of a comparable productivity reduction (Branco et al. 2021; Wang et al. 2024). The

aggregate Brazilian response is therefore an average of distinct spatial adjustment processes.

Our results suggest two policy implications. First, in frontier regions, transport improvements ap-

pear to operate in part through land expansion rather than sustained intensification. If the policy
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goal is higher long-run output per hectare, transport investment likely needs to be complemented

by better access to inputs, storage, extension, and production technology, rather than treated as suf-

ficient on its own (Aggarwal et al. 2024; Shamdasani 2021). Second, in Amazon frontier settings,

the landmarginmade newly profitable by better transport accessmay overlap with forested areas, as

emphasized in Vera-Diaz et al. (2009), Souza-Rodrigues (2019) and Araujo et al. (2025). For that

reason, cost-benefit analysis of transport investment should account not only for direct freight-cost

savings, but also for environmental externalities associated with induced land conversion (Wang et

al. 2024).

Several limitations qualify these conclusions and suggest directions for future research. First, our

productivity measure, value per harvested hectare, mixes physical yield with farm-gate prices, so

better market access can raise the measure mechanically through higher prices, while even the yield

component does not by itself distinguish greater input use from true technical change (Villoria et

al. 2014). For that reason, we interpret the no long-run response as evidence of no intensive-

margin gain in this measure, rather than as evidence against productivity growth more broadly. A

cleaner test would examine margins such as double cropping, which increases output per hectare-

year through management changes and has been linked to frontier expansion in Brazil (Jeddi and

DePaula 2026), ideally using municipality-level data on input use, double-cropped area, and crop-

specific yields to separate price effects, intensification, and technical change. Relatedly, because

we do not observe input prices or land prices, we cannot tell how much of the estimated value

response reflects price pass-through rather than real quantity adjustment, even though improved

access likely affects both (Chomitz and Gray 1996). Second, our design is not causal. Infrastructure

development may respond to expected agricultural growth, and fixed effects cannot fully absorb

municipality-specific trends in agricultural potential that are correlated with paving and concession

decisions, so we interpret the estimates as within-municipality conditional associations rather than

exogenous effects. A more credible identification strategy would exploit planned or engineering-

ideal transport networks to instrument for realized connectivity, following the logic of planned-but-

unbuilt infrastructure used elsewhere (Donaldson 2018).
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Appendix A

Appendix A: Chapter 1

A.1 Selection of countries

We included 90 countries in the simulation exercise. However, Saudi Arabia (SAU) and Panama

(PAN) were removed from the soybean analysis, seven countries (ARE, ISL, KEN, MUS, MNE,

OMN, DZA) were removed from the soybean cake analysis, and two countries (ISL, GAB) were

removed from the soybean oil analysis. These countries were selected because they are either

significant producers or consumers of soy products.

These countries are selected because they are either significant producers or consumers of soy

products. The selected countries are: United Arab Emirates (ARE), Argentina (ARG), Australia

(AUS), Austria (AUT), Belgium (BEL), Bulgaria (BGR), Bolivia (BOL), Brazil (BRA), Canada

(CAN), Switzerland (CHE), Chile (CHL), China (CHN), Colombia (COL), Costa Rica (CRI),

Cyprus (CYP), Czech Republic (CZE), Germany (DEU), Denmark (DNK), Algeria (DZA), Egypt

(EGY), Spain (ESP), Estonia (EST), Finland (FIN), France (FRA), Gabon (GAB), United Kingdom

(GBR), Greece (GRC), Hong Kong (HKG), Croatia (HRV), Hungary (HUN), Indonesia (IDN), In-

dia (IND), Ireland (IRL), Iran (IRN), Iceland (ISL), Italy (ITA), Jordan (JOR), Japan (JPN), Kenya

(KEN), Cambodia (KHM), South Korea (KOR), Laos (LAO), Lebanon (LBN), Sri Lanka (LKA),

Lithuania (LTU), Luxembourg (LUX), Latvia (LVA), Morocco (MAR), Madagascar (MDG), Mex-
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ico (MEX), NorthMacedonia (MKD),Malta (MLT),Myanmar (MMR),Montenegro (MNE),Mozam-

bique (MOZ), Mauritius (MUS), Malaysia (MYS), Nicaragua (NIC), Netherlands (NLD), Nor-

way (NOR), New Zealand (NZL), Oman (OMN), Panama (PAN), Peru (PER), Philippines (PHL),

Poland (POL), Portugal (PRT), Paraguay (PRY), Romania (ROU), Russia (RUS), Saudi Arabia

(SAU), Singapore (SGP), El Salvador (SLV), Serbia (SRB), Slovakia (SVK), Slovenia (SVN),

Sweden (SWE), Thailand (THA), Trinidad and Tobago (TTO), Turkey (TUR), Taiwan (TWN),

Ukraine (UKR), Uruguay (URY), United States (USA), Venezuela (VEN), Vietnam (VNM), South

Africa (ZAF), Zimbabwe (ZWE), Kazakhstan (KAZ), and Ecuador (ECU).
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A.2 Structural Gravity

To analyze the potential effects of the EUDR on global soy trade, we employ the procedure devel-

oped by Anderson et al. (2018), which is grounded in the structural gravity framework of Anderson

and van Wincoop (Anderson and Van Wincoop 2003). In this framework, the bilateral trade flows

(Xijt) of soy products at time t, where i denotes exporters and j denotes importers, are a function of

the economic size of the partner countries and the costs associated with trade. The gravity equation

is given by:

Xijt =
YitEjt

Yt

(
tijt

ΠitPjt

)1−σ

, (A1.1)

where (Yit) is the total soy supply from the exporter i, (Ejt) is the total soy expenditure of importer

j, and (Yt) is total world production/consumption of soy. The parenthetical term captures trade

costs, including bilateral trade cost (tijt) and multilateral resistance terms: outward multilateral

resistance (OMR, Πit) and inward multilateral resistance (IMR, Pjt). These resistance terms are

expressed as follows:

Π1−σ
it =

∑
j

(
tijt
Pjt

)1−σ
Ejt

Yt
, (A1.2)

P 1−σ
jt =

∑
i

(
tijt
Πit

)1−σ
Yit
Yt
. (A1.3)

These equations illustrate how global trade patterns are interconnected. For example, when China

imposed a 25% retaliatory tariff on US soybeans in 2018, the resulting increase in trade costs be-

tween the US and China directly reduced their bilateral trade. At the same time, trade between

China and Brazil increased, as the relative trade cost between these two countries fell. Such rela-

tionships are captured by the trade cost term tijt within the OMR and IMR, reflecting how changes

in trade costs in one bilateral relationship can affect trade flows across many country pairs.

Following Silva and Tenreyro (2006), equation (A1) can be expressed in multiplicative form as:
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Xijt = exp

(
αit + αjt + αij +

n∑
k=1

αkdk,ijt

)
ϵijt, (A1.4)

where, bilateral trade cost (t1−σ
ijt ) is captured by exp (αij +

∑n
k=1 αkdk,ijt), incorporating both time-

invariant costs (e.g., geographic distance, contiguity) through exp(αij) and k number of time-

varying costs (e.g., tariffs, trade agreements) through dk,ijt. Baier and Bergstrand (2007) empha-

size to include country-pair fixed effects (αij) which captures time-invariant factors sepific to each

country pair. These fixed effects also address the potential by accounting for unobserved, long-

term factors such as historical trade relationships that might otherwise bias the estimates. The

term exp(αit + αjt) represents exporter-time and importer-time fixed effects, corresponding to
YitEjt

Yt

(
1

ΠitPjt

)1−σ

. As Feenstra (2002) suggests, these fixed effects capture OMR, IMR, and mar-

ket sizes, that vary by exporter-year and importer-year level. Santos Silva and Tenreyro (2006)

recommend estimating equation (4) using the pseudo-Poisson maximum likelihood (PPML) ap-

proach, which allows including zero trade flows in the dependent variable. In addition, this leads

to unbiased and consistent estimation of parameter under heteroskedasticity.

For the conditional counterfactual study, we decompose the equation (A1.1) for the base year 2022

as follows:

∆Xs
ij = (1− σs)[∆t

s
ij −∆Πs

i −∆P s
j ], (A1.4)
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A.3 Armington elasticies

Figure A3.1: Estimates of Armington elasticites with 95% condidence intervals. Note: Armington

elasticities are defined as 1 minus tariff elasticities. We estimate tariff elasticities using the pseudo-

Poisson maximum likelihood (PPML) estimator. Exporter-year, importer-year, and country-pair

fixed effects are included. Standard errors are clustered at the country-pair level. *** p<0.001, **

p<0.01, * p<0.05, . p<0.1
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A.4 EU involvement with soy trade

Table A4.1: Import share of EU-27 countries in soy products (2021-2023)

Selected

Countries

Import

Share of

EU-27 (%)

Export

Share to

EU-27 (%)

Export

Share to

World (%)

BRA 39.05 14.17 42.99

USA 14.45 8.54 26.39

ARG 11.53 16.51 10.90

UKR 3.67 50.54 1.13

CAN 2.36 16.81 2.19

PRY 1.14 6.34 2.80

RUS 0.90 14.19 0.99

IND 0.80 18.14 0.69

CHN 0.45 13.46 0.53

TUR 0.12 2.79 0.64

BOL 0.02 0.26 1.34

Source: Own estimation based on CEPII-BACI database (Gaulier and Zignago 2010)
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Figure A4.2: Relative sizes of the EU countries (among themselves) in import and export markets

(cumulative 2019-2021)

Note: Percentages denote the EU countries’ share of total EU27 imports and exports.

113



A.5 Additional results of the EUDR simulation

Figure A5.1: Effects of the EUDR on the EU countries, relative to a baseline without the EUDR.

(a) Welfare changes (b) Price index changes (c) Producer price changes (d) Terms of trade change.

Quartiles are measured at the scenario-product level.
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Figure A5.2: Effects of the EUDR on the selected countries, relative to a baseline without the

EUDR. (a) Welfare changes (b) Price index changes (c) Producer price changes (d) Terms of trade

change. Quartiles are measured at the scenario-product level.
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Figure A5.3: Change in exports from BAP assuming that supply remains constant, relative to a

baseline without the EUDR. Quartiles are measured at the scenario-product level. The compliance

and non-compliance scenarios are denoted by Com. and Non-com.
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Figure A5.4: Change in exports from BAP with both supply and expenditure held constant, relative

to a baseline without the EUDR. Quartiles are measured at the scenario-product level.
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A.6 Sensitivity analysis

Figure A6.1: Sensitivity check under the compliance scenario. The left value in brackets denotes

the minimum and the right value denotes the maximum across nine sub-scenarios, defined by three

compliance cost levels (low, medium, and high) under lower, baseline, and upper-bound Armington

elasticities. The bold value indicates the change in exports relative to the 2022 baseline without the

EUDR, evaluated under the medium compliance cost and baseline Armington elasticities. “Low,”

“medium,” and “high” compliance correspond to 2%, 6%, and 10% ad valorem tariff-equivalent

compliance costs for EU imports, respectively.
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Figure A6.2: Sensitivity check under non-compliance. The left value in brackets denotes the min-

imum and the right value denotes the maximum across nine sub-scenarios, defined by three com-

pliance cost levels (low, medium, and high) under lower, baseline, and upper-bound Armington

elasticities. The bold value indicates the change in exports relative to the 2022 baseline without the

EUDR, evaluated under the medium compliance cost and baseline Armington elasticities. “Low,”

“medium,” and “high” compliance correspond to 2%, 6%, and 10% ad valorem tariff-equivalent

compliance costs for EU imports, respectively.
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Figure A6.3: Sensitivity check for expenditure change under different compliance cost. Changes

in expenditures are measured relative to the baseline year 2022 without the EUDR. Lower, medium

and higher compliance denote 2%, 6% and 10% ad valorem tariff-equivalent compliance costs for

EU imports.
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Figure A6.4: Sensitivity check for indexes under compliance. Changes in indexes are measured

relative to the baseline year 2022 without the EUDR. Points in the error bar represents indices

change evaluated under the medium compliance cost and baseline Armington elasticities. Error

bars represents minimum and maximum across across nine sub-scenarios, defined by three com-

pliance cost levels (low, medium, and high) under lower, baseline, and upper-bound Armington

elasticities
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Figure A6.5: Sensitivity check for indexes under non-compliances. Changes in indexes are mea-

sured relative to the baseline year 2022 without the EUDR. Points in the error bar represents indices

change evaluated under the medium compliance cost and baseline Armington elasticities. Error

bars represents minimum and maximum across across nine sub-scenarios, defined by three com-

pliance cost levels (low, medium, and high) under lower, baseline, and upper-bound Armington

elasticities.
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Appendix B

Appendix B: Chapter 2
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A1. Selected countries by continent

Continent Countries

Africa

Angola (AGO), Burundi (BDI), Benin (BEN), Burkina Faso (BFA), Botswana (BWA),

Central African Republic (CAF), Côte d’Ivoire (CIV), Cameroon (CMR), Congo - Kinshasa

(COD), Congo - Brazzaville (COG), Comoros (COM), Algeria (DZA), Egypt (EGY),

Ethiopia (ETH), Gabon (GAB), Ghana (GHA), Guinea (GIN), Gambia (GMB),

Guinea-Bissau (GNB), Equatorial Guinea (GNQ), Kenya (KEN), Liberia (LBR), Libya

(LBY), Lesotho (LSO), Morocco (MAR), Madagascar (MDG), Mali (MLI), Mozambique

(MOZ), Mauritius (MUS), Malawi (MWI), Namibia (NAM), Nigeria (NGA), Rwanda (RWA),

Senegal (SEN), Sierra Leone (SLE), Somalia (SOM), Eswatini (SWZ), Chad (TCD), Togo

(TGO), Tunisia (TUN), Tanzania (TZA), Uganda (UGA), South Africa (ZAF), Zambia

(ZMB), Zimbabwe (ZWE)

Europe

Albania (ALB), Austria (AUT), Belgium (BEL), Bulgaria (BGR), Bosnia & Herzegovina

(BIH), Belarus (BLR), Switzerland (CHE), Czechia (CZE), Germany (DEU), Denmark

(DNK), Spain (ESP), Estonia (EST), Finland (FIN), France (FRA), United Kingdom (GBR),

Greece (GRC), Croatia (HRV), Hungary (HUN), Ireland (IRL), Italy (ITA), Lithuania (LTU),

Luxembourg (LUX), Latvia (LVA), Moldova (MDA), North Macedonia (MKD), Netherlands

(NLD), Norway (NOR), Poland (POL), Portugal (PRT), Romania (ROU), Slovakia (SVK),

Slovenia (SVN), Sweden (SWE), Ukraine (UKR)

North Asia China (CHN), Kazakhstan (KAZ), Mongolia (MNG), Russia (RUS)
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Continent Countries

North and

Central America

Antigua & Barbuda (ATG), Bahamas (BHS), Belize (BLZ), Canada (CAN), Costa Rica

(CRI), Cuba (CUB), Dominican Republic (DOM), Guatemala (GTM), Honduras (HND),

Haiti (HTI), Jamaica (JAM), St. Kitts & Nevis (KNA), St. Lucia (LCA), Mexico (MEX),

Nicaragua (NIC), Panama (PAN), El Salvador (SLV), United States (USA), St. Vincent &

Grenadines (VCT)

Oceania
Australia (AUS), Fiji (FJI), New Caledonia (NCL), New Zealand (NZL), Papua New Guinea

(PNG), Solomon Islands (SLB), Vanuatu (VUT)

Rest of Asia

Afghanistan (AFG), Armenia (ARM), Azerbaijan (AZE), Bangladesh (BGD), Bhutan (BTN),

Cyprus (CYP), Georgia (GEO), India (IND), Iran (IRN), Israel (ISR), Japan (JPN),

Kyrgyzstan (KGZ), South Korea (KOR), Lebanon (LBN), Sri Lanka (LKA), Nepal (NPL),

Pakistan (PAK), North Korea (PRK), Syria (SYR), Tajikistan (TJK), Turkey (TUR),

Uzbekistan (UZB)

South America

Argentina (ARG), Bolivia (BOL), Brazil (BRA), Chile (CHL), Colombia (COL), Ecuador

(ECU), Grenada (GRD), Guyana (GUY), Peru (PER), Paraguay (PRY), Suriname (SUR),

Trinidad & Tobago (TTO), Uruguay (URY), Venezuela (VEN)

Southeast Asia

Brunei (BRN), Indonesia (IDN), Cambodia (KHM), Laos (LAO), Myanmar (Burma) (MMR),

Malaysia (MYS), Philippines (PHL), Singapore (SGP), Thailand (THA), Timor-Leste (TLS),

Vietnam (VNM)
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A2. HS codes aggregation to commodities

Table A2.1: Aggregation of HS codes to commodities

Commodities HS codes

Cassava 110814, 71410, 110620, 190300

Cattle

50400, 160250, 10290, 150200, 20130, 20230, 160100, 20220, 20610, 20622,

20629, 20621, 10210, 20110, 20120, 21020, 20210, 410190, 410419, 410150,

410120, 410411, 410449, 410712, 410719, 410711, 410441, 410792, 410799,

410791, 10229, 10221, 150290

Cocoa
180690, 180400, 180631, 180610, 180620, 180632, 180310, 180500, 180320,

180100, 180200

Coffee 90190, 90121, 90122, 90111, 210111, 210130, 210112, 90112

Fibre
520100, 240110, 240120, 520210, 520299, 530390, 240130, 140420, 520291,

520300, 530121, 530129, 530110, 530130, 530290, 530310, 530210, 530500

Fruits

80430, 80610, 80620, 220600, 80810, 80450, 81090, 81340, 80711, 81400,

81030, 81330, 200820, 81210, 81290, 200860, 80930, 80520, 200799, 220429,

200990, 80420, 80410, 220421, 80300, 80440, 80510, 220590, 80720, 200919,

200980, 200600, 81010, 220410, 80820, 80540, 81190, 200870, 200840, 81310,

81320, 220510, 80590, 80719, 81020, 200830, 200850, 80940, 81040, 81350,

200710, 200791, 200892, 200899, 80910, 80920, 81050, 81110, 200880, 200891,

220430, 200911, 110630, 81120, 200939, 200969, 80550, 200961, 200931,

200949, 200979, 200929, 81060, 200912, 200921, 200941, 200971, 81070,

80310, 80390, 80830, 200989, 80840, 80929, 80921, 200897, 200893, 200981
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Commodities HS codes

Maize 100590, 110220, 151529, 100510, 110313, 200580, 71040, 151521, 230210

Nuts

80250, 80211, 80212, 80119, 80240, 80231, 80290, 200819, 80122, 80221,

80222, 80132, 80232, 80131, 80121, 80260, 80251, 80252, 80241, 80242,

80261, 80262, 80270, 80280

Other cereals

190590, 100700, 220300, 110100, 121490, 110290, 100110, 230230, 190120,

190219, 190190, 100300, 100190, 190211, 100820, 110311, 110412, 110423,

110429, 190110, 190490, 190520, 230240, 100200, 100810, 100830, 100890,

110430, 110710, 190410, 190540, 100400, 110419, 110210, 110720, 121300,

190510, 110319, 190420, 110422, 230800, 190531, 190532, 110320, 190430,

100210, 100390, 100860, 100199, 100790, 100821, 100829, 100119, 100490,

100710, 100850, 100111, 100191, 100290, 100410, 100310, 100840

Other oilseeds

151590, 120799, 150990, 151211, 151219, 210330, 120600, 120720, 120220,

120740, 151511, 151519, 120210, 120400, 230630, 230620, 151229, 230610,

151530, 151221, 120760, 230690, 120791, 151550, 120890, 120750, 120730,

151411, 120510, 120590, 230641, 230649, 151499, 151419, 151491, 120241,

120770, 70992, 120729, 120230, 120721, 80112

Palm 230660, 120999, 151190, 151321, 151329, 151110

Pulses
71390, 71331, 71332, 71333, 71339, 71350, 71340, 71310, 71320, 110610,

230250, 71360, 71335, 71334

Rice 100620, 100630, 100640, 100610

Rubber 400121, 400129, 400122, 400110, 400130
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Commodities HS codes

Soybeans
210390, 150790, 150710, 120100, 230400, 210610, 120810, 210310, 120110,

120190

Stimulants

90930, 121190, 330129, 90950, 330190, 91099, 90210, 90220, 90920, 121010,

130219, 330130, 90412, 91010, 90240, 90230, 90300, 330113, 91020, 330112,

330125, 90420, 121020, 330119, 330124, 91091, 90411, 90620, 90700, 90810,

90910, 210120, 90500, 90830, 91030, 90940, 90820, 90611, 90619, 90831,

90922, 90931, 90932, 90962, 91012, 90421, 90921, 90961, 91011, 90422,

90510, 90520, 90720, 90812, 90811, 90821, 90822, 90832, 90710

Sugar crops

170290, 170410, 170490, 170199, 121291, 170112, 170310, 170230, 170390,

170219, 170111, 170211, 170240, 170191, 170260, 170220, 230320, 121293,

170114, 170113

Vegetables

71290, 70200, 70390, 70700, 70990, 70951, 71080, 71490, 121299, 70190,

70820, 71190, 200190, 200290, 200490, 200559, 70810, 70890, 71029, 71090,

200210, 200110, 70310, 70690, 70960, 70320, 70410, 70610, 71220, 70521,

200551, 70920, 200310, 200520, 200540, 70110, 71010, 71021, 71022, 71030,

110520, 200410, 70490, 70519, 70511, 70930, 70940, 110510, 200560, 200950,

70420, 71420, 121292, 70529, 200510, 70970, 71140, 200320, 200390, 70959,

71151, 71159, 71231, 71239, 71233, 71232, 200599, 200591, 70993, 70999,

121294, 70991, 71440, 71430, 71450
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A3. DeDuCe model

This model combines high-resolution spatial datasets on land cover change with agricultural statis-

tics to estimate forest loss associated with the expansion of particular commodities globally. The

DeDuCE model employs a spatial attribution approach that overlays multiple spatial datasets, in-

cluding cropland extent maps, forest plantation data, pasture maps, and specific commodity maps

(such as soybeans, cocoa, and oil palm), with annual tree cover loss data from the Global For-

est Change dataset at 30-meter resolution. This spatial overlay identifies direct forest loss pix-

els attributed to land use for commodity production. When forest loss pixels cannot be spatially

attributed to specific commodities, the model employs a statistical land-balance approach using

FAOSTAT agricultural statistics to determine the likely drivers of deforestation based on changes

in harvested areas and production. For example: if spatial attribution identifies that forest loss pix-

els (100 ha) are attributed to cropland expansion but cannot explicitly identify specific crops, the

statistical method determines what crops have expanded in that area. If maize area expanded by

60% and soybean by 40% of total crop expansion, then 60 ha are attributed to maize and 40 ha to

soybean. The model accounts for land-use change dynamics including competition between crop-

land and pasture, incorporating a 3-year lag period to capture delays between forest clearing and

agricultural establishment. In this model, roughly 42–50% of attributed deforestation is assigned

using spatial attribution (about 12–15% from commodity-specific maps and about 30–35% from

broader land-use layers), while the remaining 50–58% is allocated using the model’s statistical

land-balance procedure.
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Figure A3.1: Accumulated deforestation attributed to selected commodities over the period 2000–
2022. Source: Singh and Persson (2024)

A4. Primary commodities aggregation to commodities

Table A4.1: Aggregation of primary commodities to commodities

Commodity Group Commodity from DeDuce Model
Products (FCL item

code)

Cassava Cassava, fresh; Cassava leaves 125, 126, 127, 128, 129

Cocoa Cocoa beans

Coffee Coffee, green 656, 657, 658, 659, 660
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Commodity Group Commodity from DeDuce Model
Products (FCL item

code)

Fibre

Seed cotton, unginned; Kenaf, and other textile bast

fibres, raw or retted; Sisal, raw; Flax, processed but not

spun; Other fibre crops, raw, n.e.c.; True hemp, raw or

retted; Jute, raw or retted; Flax, raw or retted; Ramie, raw

or retted; Agave fibres, raw, n.e.c.; Abaca, manila hemp,

raw

Fruits

Apples; Apricots; Cantaloupes and other melons; Figs;

Grapes; Oranges; Other berries and fruits of the genus

vaccinium n.e.c.; Other citrus fruit, n.e.c.; Other fruits,

n.e.c.; Other stone fruits; Peaches and nectarines; Pears;

Plums and sloes; Watermelons; Cherries; Dates; Lemons

and limes; Quinces; Sour cherries; Strawberries;

Tangerines, mandarins, clementines; Bananas; Pomelos

and grapefruits; Pineapples; Mangoes, guavas and

mangosteens; Other tropical fruits, n.e.c.; Avocados;

Papayas; Blueberries; Currants; Kiwi fruit; Persimmons;

Raspberries; Gooseberries; Cranberries; Plantains and

cooking bananas; Cashewapple; Guavas; Mangoes;

Other tropical and subtropical fruits, n.e.c.; Tangerines

and mandarins; Other pome fruits; Kapok fruit

486, 489, 490, 491, 492,

495, 496, 497, 498, 499,

507, 509, 510, 512, 513,

514, 515, 517, 518, 519,

521, 523, 526, 527, 530,

531, 534, 536, 537, 541,

544, 547, 549, 550, 552,

554, 558, 560, 561, 562,

563, 564, 565, 566, 567,

568, 569, 570, 571, 572,

574, 575, 576, 577, 580,

583, 584, 587, 591, 592,

600, 603, 604, 619, 620,

622, 623, 624, 625, 626,

628

Maize Maize (corn); Green corn (maize)
56, 57, 58, 59, 60, 61,

446, 447, 448, 636
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Commodity Group Commodity from DeDuce Model
Products (FCL item

code)

Nuts

Almonds, in shell; Chestnuts, in shell; Pistachios, in shell;

Walnuts, in shell; Other nuts (excluding wild edible nuts

and groundnuts), in shell, n.e.c.; Cashew nuts, in shell;

Hazelnuts, in shell; Areca nuts; Kola nuts

216, 217, 220, 221, 222,

223, 224, 225, 226, 229,

230, 231, 232, 233, 234,

235

Other cereals

Barley; Millet; Wheat; Oats; Rye; Canary seed; Cereals

n.e.c.; Mixed grain; Buckwheat; Fonio; Quinoa; Triticale;

Sorghum

15, 16, 17, 18, 19, 20,

21, 22, 41, 44, 45, 46,

47, 48, 49, 50, 51, 71,

72, 73, 75, 76, 77, 79,

80, 81, 83, 84, 85, 89,

90, 91, 92, 94, 97, 101,

103, 104, 105, 108, 109,

110, 111, 112, 113, 114,

115, 635

Other oilseeds

Linseed; Olives; Sesame seed; Sunflower seed;

Groundnuts, excluding shelled; Rape or colza seed;

Castor oil seeds; Safflower seed; Other oil seeds, n.e.c.;

Poppy seed; Coconuts, in shell; Karite nuts (sheanuts);

Mustard seed; Melonseed; Hempseed; Tallowtree seeds;

Jojoba seeds; Tung nuts

242, 249, 260, 263, 265,

266, 267, 268, 269, 270,

271, 272, 275, 276, 278,

280, 281, 282, 289, 290,

291, 292, 293, 294, 295,

296, 297, 299, 306, 311,

313, 314, 329, 331, 332,

333, 334, 335, 336, 338,

339, 340, 341, 343
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Commodity Group Commodity from DeDuce Model
Products (FCL item

code)

Palm Oil palm fruit; Palm nuts and kernels 256, 257, 258, 259

Pasture Cattle meat; Leather

Pulses

Beans, dry; Broad beans and horse beans, dry; Other

pulses n.e.c.; Chick peas, dry; Lentils, dry; Peas, dry;

Pigeon peas, dry; Cow peas, dry; Lupins; Vetches;

Bambara beans, dry; Pulses, n.e.c.

Rice Rice
27, 28, 29, 30, 31, 32,

35, 36, 37, 38, 39

Rubber Natural rubber in primary forms 836, 837, 839

Soybeans Soya beans 236, 237, 238, 239, 240

Stimulants

Anise, badian, coriander, cumin, caraway, fennel and

juniper berries, raw; Other stimulant, spice and aromatic

crops, n.e.c.; Hop cones; Unmanufactured tobacco;

Chillies and peppers, dry (Capsicum spp., Pimenta spp.),

raw; Maté leaves; Peppermint, spearmint; Tea leaves;

Ginger, raw; Pepper (Piper spp.), raw; Nutmeg, mace,

cardamoms, raw; Cinnamon and cinnamon-tree flowers,

raw; Cloves (whole stems), raw; Vanilla, raw; Pyrethrum,

dried flowers; Stimulant, spice and aromatic crops, n.e.c.

Sugar Sugar beet; Sugar cane; Other sugar crops n.e.c.
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Commodity Group Commodity from DeDuce Model
Products (FCL item

code)

Vegetables

Onions and shallots, dry (excluding dehydrated); Other

vegetables, fresh n.e.c.; Potatoes; Broad beans and

horse beans, green; Cabbages; Carrots and turnips;

Cauliflowers and broccoli; Chillies and peppers, green

(Capsicum spp. and Pimenta spp.); Cucumbers and

gherkins; Eggplants (aubergines); Green garlic; Leeks

and other alliaceous vegetables; Lettuce and chicory;

Okra; Onions and shallots, green; Other beans, green;

Peas, green; Pumpkins, squash and gourds; Spinach;

Tomatoes; Artichokes; String beans; Asparagus; Sweet

potatoes; Taro; Yams; Chicory roots; Edible roots and

tubers with high starch or inulin content, n.e.c., fresh;

Yautia

358, 366, 367, 372, 373,

388, 390, 391, 392, 393,

394, 397, 399, 401, 402,

403, 406, 407, 414, 417,

420, 423, 426, 430, 449,

450, 451, 459, 460, 461,

463, 465, 466, 469, 471,

472, 473, 474, 475, 476,

116, 117, 118, 120, 121,

122, 135, 136, 137, 149,

150, 151
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A5. Statistics of shares

Table A5.1: Descriptive statistics of shares

Commodity / Variable Minimum Mean Median Maximum SD N

Panel A: Total

Share (total) 0.00000 0.00192 0.00000 1.00000 0.02318 2,111,044

Panel B: By commodities

Cassava 0.00000 0.01558 0.00014 1.00000 0.08153 12,839

Cattle 0.00000 0.00201 0.00001 1.00000 0.02059 114,623

Cocoa 0.00000 0.00327 0.00001 1.00000 0.02948 70,107

Coffee 0.00000 0.00382 0.00001 1.00000 0.02907 59,896

Fibre 0.00000 0.00415 0.00002 1.00000 0.03529 53,736

Fruits 0.00000 0.00052 0.00000 0.94237 0.00866 439,107

Maize 0.00000 0.00585 0.00001 1.00000 0.04816 38,277

Nuts 0.00000 0.00309 0.00001 1.00000 0.03079 74,210

Other cereals 0.00000 0.00088 0.00000 0.99941 0.01235 261,766

Other oilseeds 0.00000 0.00177 0.00000 1.00000 0.02191 129,434

Palm 0.00000 0.00969 0.00007 1.00000 0.05980 22,611

Pulses 0.00000 0.00404 0.00003 1.00000 0.03440 54,911
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Commodity / Variable Minimum Mean Median Maximum SD N

Rice 0.00000 0.00922 0.00004 1.00000 0.05715 24,399

Rubber 0.00000 0.01151 0.00011 1.00000 0.07063 17,991

Soybeans 0.00000 0.00426 0.00001 1.00000 0.03521 54,001

Stimulants 0.00000 0.00087 0.00000 0.98030 0.01207 264,959

Sugar crops 0.00000 0.00237 0.00001 0.99467 0.02450 97,112

Vegetables 0.00000 0.00072 0.00000 1.00000 0.01092 321,065
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Figure A5.1: Number of effective shifters by commodity groups. Source: Own illustration.

A6. Statistics of shifts

Table A6.1: Descriptive statistics of shifts

Commodity / Variable Mean P10 Median P90 SD N

Panel A: Total

Shift (total) 8.29767 4.27667 8.57320 11.86529 2.92173 6,920,563

Panel B: By commodities

Cassava 6.47454 2.48491 6.82329 9.53175 2.78040 29,734

Cocoa and cocoa products 9.89053 6.10702 10.28766 13.08350 2.79632 215,031

Coffee 9.40580 4.99043 10.05878 12.87376 3.01161 226,124
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Commodity / Variable Mean P10 Median P90 SD N

Fibre crops 8.09431 3.13549 8.40358 12.55261 3.52425 167,439

Fruits 8.13329 4.26268 8.33950 11.67911 2.87209 1,542,195

Maize 8.04850 4.04305 8.13535 12.00712 2.99576 162,905

Nuts 7.76191 3.40120 8.14700 11.43201 3.04384 257,304

Other cereals 8.85909 5.16479 9.10941 12.17021 2.74374 966,333

Other oilseeds 7.41397 3.46574 7.61481 11.00836 2.89482 490,566

Palm 9.44513 5.05625 9.97548 13.02262 3.13321 50,283

Pasture (Cattle meat + leather) 8.93946 5.12396 9.17585 12.56354 2.87632 161,857

Pulses and legumes 7.31647 3.55535 7.55276 10.65265 2.71470 194,117

Rice 9.12667 5.03044 9.58590 12.47222 2.82509 191,346

Rubber 8.52294 3.61092 9.09515 12.66370 3.49068 57,031

Soybeans 8.88528 4.55388 9.11295 13.03727 3.18250 107,863

Stimulants, spices and aromatic crops 7.86041 4.26268 8.06369 11.13303 2.64304 611,729

Sugar crops 8.89968 5.11199 9.34027 11.94509 2.69916 392,226

Vegetables 7.97256 4.00733 8.31214 11.36130 2.82742 1,096,480
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A7. First stage and instrument strength

Table A7.1: Commodity-level first stage: predictive power of F̂Dikt on log exports

Commodity Group Coefficient Std. Error F-statistic Observations

Cassava 0.2602** (0.1098) 5.62 1,016

Cocoa and cocoa products 0.2432 (0.2156) 1.27 1,039

Coffee 0.8557** (0.3468) 6.09 1,356

Fibre crops 0.0370 (0.1646) 0.05 2,208

Fruits 0.9338*** (0.2239) 17.40 3,259

Maize 0.0354 (0.0755) 0.22 2,326

Nuts 0.5359*** (0.1146) 21.85 2,144

Other cereals 0.1828 (0.1739) 1.10 2,706

Other oilseeds 0.4198*** (0.0974) 18.57 2,848

Palm -0.1143 (0.1607) 0.51 922

Pasture (Cattle meat + leather) 0.4505** (0.1932) 5.44 2,791

Pulses and legumes 0.2583** (0.1181) 4.79 2,526

Rice -0.0383 (0.1311) 0.09 1,799

Rubber 0.1283 (0.1261) 1.03 597

Soybeans 0.4671*** (0.1520) 9.44 1,957
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Commodity Group Coefficient Std. Error F-statistic Observations

Stimulants, spices and aromatic crops 0.5673*** (0.1489) 14.52 2,863

Sugar crops 0.8243*** (0.2548) 10.46 2,453

Vegetables 0.4384*** (0.1110) 15.61 3,138

Note: Each row is a separate OLS regression of log exports on F̂Dikt with country and year fixed

effects. Standard errors are clustered at country–commodity and year levels. * p < 0.10, ** p <

0.05, *** p < 0.01.
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Table A7.2: Continent-level first stage: predictive power of F̂Dikt on log exports

Continent Coefficient Std. Error F-statistic Observations

Africa 0.8835*** (0.0942) 87.88 10,257

Europe 0.5922*** (0.2221) 7.11 8,146

North and Central America 0.8565*** (0.1594) 28.89 4,645

North Asia 0.3748 (0.2480) 2.28 1,053

Oceania 1.1175*** (0.2540) 19.35 1,328

Rest of Asia 0.6482*** (0.1454) 19.87 5,463

South America 1.0638*** (0.2182) 23.78 3,959

Southeast Asia 0.2828* (0.1631) 3.01 3,097

Note: Each row is a separate OLS regression of log exports on F̂Dikt for all country-commodity

observations within the continent, with country and year fixed effects. Standard errors are clustered

at country–commodity and year levels. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A7.3: Strength check of instrument F̂Dikt

Level log(def+1) asinh(def) log(def)

Instrument F̂Dikt−1 F̂Dikt−1 F̂Dikt−1 F̂Dikt−1

First-stage F-stat 3382.74 3382.74 3382.74 2971.78

Observations 37,948 37,948 37,948 30,809

Country × Year FE Yes Yes Yes Yes

Commodity × Year FE Yes Yes Yes Yes

Note: First-stage F-statistics from 2SLS using F̂Dikt as instrument for log exports across alterna-

tive deforestation outcome transformations. Standard errors are clustered at country–commodity

and year levels.
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A8. Cumulative export growth between 2001-2003 and 2020-2022

Figure A8.1: Cumulative export growth of commodity by region between 2001-2003 and 2020-

2022

Note: Export growth of commodities across region taking cumulative export of 2001–2003 as intial
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value and cumulative export of 2020-2022 as final value. Grey cells indicate no data taken for study.
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A9. Bootstrap procedure

We obtain inference for the CF–PPML estimator via a block bootstrap aligned with the panel struc-

ture of the data. The full-sample control-function (CF) model is first estimated as described in the

empirical strategy section, using the same country-by-year and commodity-by-year fixed effects in

both stages.

• First stage: We regress logXikt on F̂Dikt and the fixed effects to produce residuals ν̂ikt.

• Second stage: We estimate the PPML including logXikt, ν̂ikt, and the same fixed effects,

yielding estimates of α̂ (the elasticity of deforestationwith respect to foreign demand/exports)

and δ̂ (the control-function coefficient used for the endogeneity test).

Resampling proceeds by treating each country–commodity panel (i, k) as a block containing its

complete time series. Our dataset consists of 2001 such blocks. For each bootstrap replication, we

sample, with replacement, 2001 blocks (the same number as in the original data), stack the selected

panels to form the bootstrap sample (allowing duplicates), and re-estimate both stages exactly as in

the full-sample procedure, recomputing the first-stage residuals within the bootstrap sample. We

repeat this 1000 times, and use the resulting covariance matrix of the bootstrap draws to obtain

“bootstrap standard errors” for α̂ and δ̂:

ŜEboot(α̂) =

√
V̂arboot(α̂), ŜEboot(δ̂) =

√
V̂arboot(δ̂).

In our main results, we report these bootstrap-based standard errors together with significance stars

derived from the same bootstrap distribution. For each coefficient (e.g. α̂), we construct its em-

pirical bootstrap distribution, center this distribution on the full-sample estimate, and compute a

two-sided bootstrap p-value as

pboot(α̂) = 2×min
{
Pr(α̃∗ ≤ 0), Pr(α̃∗ ≥ 0)

}
,

where α̃∗ denotes draws from the centered bootstrap distribution of α̂, and the probabilities are

calculated as empirical proportions over the 1000 replications. The same procedure is applied to
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δ̂. Significance stars in the results are then assigned according to these bootstrap p-values: ∗ ∗ ∗ if

pboot < 0.01, ∗∗ if pboot < 0.05, ∗ if pboot < 0.10, and no star otherwise. Because both the 95% con-

fidence intervals and the p-values are derived from the same bootstrap distribution (via percentiles

and tail probabilities, respectively), a coefficient whose 95% bootstrap percentile interval excludes

zero will correspondingly receive at least two stars (∗∗). This block bootstrap design preserves

within-panel serial correlation and arbitrary heteroskedasticity and is consistent with our main-

tained assumption that unobserved shocks are most strongly correlated within country–commodity

panels over time.
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Figure A10.1: Number of observations by continent and commodity group. Source: Own illustra-
tion.

A10. Panel structure of country-commodity
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A11. Specifications to estimate effects of export sales

First, we estimate the first-stage estimation as shown in equation (6). Then, we estimate the residu-

als from first-stage, and then use it in second stage regression, which is called as two-stage residual

inclusion (2-SRI).

Specification 1: Pooled effect estimation:

Cikt = exp(γ logXikt + αit + αkt + δν̂ikt)εikt. (A11.1)

Specification 2: Heterogeneous effect by commodity group: Let g ∈ G index commodity groups

and 1k=g be the indicator for group g. Then:

Cikt = exp(
∑
g∈G

γg logXikt1k=g + αit + αkt + δν̂ikt)εikt. (A11.2)

Specification 3: Heterogeneous effect by continent: Let r(i) ∈ R index continent of country i

and 1r(i)=r be the indicator for continent r. Then:

Cikt = exp(
∑
r∈R

γr logXikt1r(i)=r + αit + αkt + δν̂ikt)εikt. (A11.3)

Specification 4: Heterogeneous effect by continent-commodity pair:

Cikt = exp(
∑
g∈G

∑
r∈R

γgr logXikt1k=g1r(i)=r + αit + αkt + δν̂ikt)εikt. (A11.4)
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A12. Alternative specifications

Table A12.1: Effect of export sales on deforestation across multiple forms of deforestation

Level log(def+1) asinh(def) log(def)

Log Exports 1017.836** 0.306*** 0.325*** 0.591***

(458.983) (0.042) (0.046) (0.131)

Observations 37948 37948 37948 30809

Country × Year FE X X X X

Commodity × Year FE X X X X

* p < 0.1, ** p < 0.05, *** p < 0.01

Notes: 2SLS estimates. Standard errors clustered by country–commodity and year. * p<0.10, **

p<0.05, *** p<0.01.

Notes: Standard errors clustered by country and year in parentheses. All models use 2SLS with country-year and commodity-year fixed

effects, instrumenting exports with F̂Dikt. * p < 0.1, ** p < 0.05, *** p < 0.01.

149



Table A12.2: Effect of export sales on deforestation by commodity across multiple forms of deforestation

Level Log(def+1) Asinh(def) Log(def)

Cassava -2531.676 -0.109 -0.111 0.152

(1905.129) (0.115) (0.123) (0.284)

Cocoa -940.997 0.099 0.104 0.755*

(1869.069) (0.116) (0.125) (0.380)

Coffee -592.799 0.259** 0.277** 0.580*

(1348.940) (0.098) (0.106) (0.323)

Fibre 234.909 0.259*** 0.276*** 0.354

(731.642) (0.070) (0.075) (0.208)

Fruits 475.140 0.309*** 0.328*** 0.630***

(473.049) (0.054) (0.058) (0.135)

Maize 363.713 0.258*** 0.273*** 0.589**
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Level Log(def+1) Asinh(def) Log(def)

(586.383) (0.064) (0.069) (0.213)

Nuts -80.287 0.352*** 0.386*** 0.501**

(969.407) (0.082) (0.088) (0.203)

Other Cereals 733.902 0.539*** 0.577*** 1.032***

(467.570) (0.064) (0.069) (0.161)

Other Oilseeds 489.271 0.461*** 0.496*** 0.799***

(534.372) (0.057) (0.061) (0.152)

Palm 4507.083 0.411** 0.435** 0.617**

(4634.436) (0.158) (0.169) (0.233)

Cattle 7050.486 0.295*** 0.290*** 0.671***

(5297.887) (0.076) (0.082) (0.148)

Pulses 212.573 0.345*** 0.375*** 0.764***
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Level Log(def+1) Asinh(def) Log(def)

(625.296) (0.069) (0.074) (0.186)

Rice 34.347 0.263*** 0.280*** 0.222

(817.116) (0.070) (0.075) (0.241)

Rubber 2034.572 0.859*** 0.901*** 1.193***

(2513.188) (0.213) (0.222) (0.291)

Soybeans 1413.161** 0.442*** 0.470*** 0.824***

(649.157) (0.081) (0.087) (0.270)

Stimulants 397.078 0.329*** 0.351*** 0.557***

(636.366) (0.066) (0.072) (0.194)

Sugar 506.948 0.292*** 0.307*** 0.289

(503.931) (0.063) (0.068) (0.228)

Vegetables 433.872 0.297*** 0.319*** 0.655***
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Level Log(def+1) Asinh(def) Log(def)

(471.737) (0.052) (0.056) (0.145)

Observations 37948 37948 37948 30809

* p < 0.1, ** p < 0.05, *** p < 0.01

Notes: Standard errors clustered by country and year in parentheses. All models use 2SLS with country-year and commodity-year fixed

effects, instrumenting exports with F̂Dikt. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Table A12.3: Effect of export sales on deforestation by continent across multiple forms of deforestation

Level Log(def+1) Asinh(def) Log(def)

Africa 326.205 0.209*** 0.222*** 0.320*

(502.981) (0.060) (0.064) (0.161)

Europe 15.532 0.240*** 0.255*** 0.825***

(598.126) (0.066) (0.072) (0.191)

North and Central America 1073.070** 0.465*** 0.497*** 1.008***

(411.884) (0.084) (0.090) (0.247)

North Asia 657.888 0.640*** 0.657*** 0.616*

(695.252) (0.170) (0.183) (0.348)

Oceania 698.910 0.436*** 0.463*** 1.108**

(417.135) (0.120) (0.131) (0.435)

Rest of Asia 221.048 0.280*** 0.312*** 0.785***
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Level Log(def+1) Asinh(def) Log(def)

(477.046) (0.070) (0.076) (0.244)

South America 5792.198 0.438*** 0.457*** 0.786***

(3525.877) (0.097) (0.102) (0.215)

Southeast Asia 1286.595 0.390** 0.402** 0.132

(790.641) (0.142) (0.151) (0.259)

Observations 37948 37948 37948 30809

* p < 0.1, ** p < 0.05, *** p < 0.01

Notes: Standard errors clustered by country and year in parentheses. All models use 2SLS with country-year and commodity-year fixed

effects, instrumenting exports with F̂Dikt. * p < 0.1, ** p < 0.05, *** p < 0.01.
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A13. Back-of-envelope calculations for deforestation attributable to export

sales

The calculation uses two inputs: the commodity-group × continent export elasticity γ̂gr estimated

in equation (A11.4), and observed log-export growth since 2001.

The PPML second stage gives the conditional mean of deforestation as

E[Cikt] = exp
(
γ̂gr lnXikt + α̂it + α̂kt + δ̂ν̂ikt

)
. (A13.1)

The counterfactual holds exports at the baseline level Xik,t0 (year t0 = 2001) while leaving the

fixed effects and the CF residual unchanged. The CF residual is held constant to isolate the effect

of export growth driven by foreign demand, as the CF residual captures unobserved supply shocks

that are correlated with exports and deforestation. The counterfactual mean is therefore:

E[C0
ikt] = exp

(
γ̂gr lnXik,t0 + α̂it + α̂kt + δ̂ν̂ikt

)
. (A13.2)

Taking the ratio, the fixed effects α̂it, α̂kt and the residual term δ̂ν̂ikt cancel identically, yielding

E[C0
ikt]

E[Cikt]
= exp

(
−γ̂gr ∆ logXikt

)
,

where ∆ logXikt ≡ logXikt − logXik,t0 is cumulative log-export growth since baseline. The at-

tributable share— the fraction of observed deforestation explained by export growth above baseline

— is therefore

ŝXikt = 1− E[C0
ikt]

E[Cikt]
= 1− exp

(
−γ̂gr ∆ logXikt

)
. (A13.3)

By construction, ŝXikt ∈ [0, 1) when exports grew and is negative when exports fell below baseline.

We apply the share to observed deforestation Cikt, aggregate over all country–commodity pairs
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(i, k) and years t ∈ [2002, 2022], and divide by 106 to report million hectares (Mha):

ÂX
ikt = Cikt ŝXikt, (A13.4)

AX
total =

1

106

∑
i,k,t

ÂX
ikt (Mha). (A13.5)
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A14. Cumulative deforestation shares by commodity and region
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Figure A14.1: Cumulative share of global agricultural deforestation (ha) by continent and com-
modity, 2001–2022. Grey cells indicate no data taken for the study. Source: Singh and Persson
(2024). Note: Shares are based on the cumulative sum of deforestation across selected countries
between 2001 and 2022, computed for each commodity–region cell.
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A15. Cumulative export shares by commodity and region
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Figure A15.1: Cumulative share of global agricultural exports (%) by continent and commodity,
2001–2022. Grey cells indicate no data taken for the study. Source: BACI database (Gaulier and
Zignago 2010). Note: Shares are based on the cumulative sum of export sales across selected
countries between 2001 and 2022, computed for each commodity–region cell.
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A16. Results based on alternative instrument (F̂D2ikt)

Table A16.1: Pooled CF-PPML estimate using gravity-predicted demand (F̂D2ikt) instrument

Deforestation

Log(Exports) 0.514***

(0.081)

[0.302, 0.610]

Residual -0.103

(0.000)

Observations 30,255

Pseudo R-squared 0.851

Country × Year FE Yes

Commodity × Year FE Yes

Instrument F̂D2ikt

Notes: Bootstrap standard errors (1,000 replications) in

parentheses. 95% bootstrap percentile CIs in brackets. Instrument:

gravity-predicted demand FD2 (equation 9). Fixed effects: country x

year, commodity x year. * p<0.10, ** p<0.05, *** p<0.01.
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Figure A16.1: Heterogeneous deforestation elasticities using the F̂D2ikt instrument. Panel (a)
shows CF-PPML estimates by commodity group; Panel (b) by continent. All specifications in-
clude country–year and commodity–year fixed effects. Standard errors are clustered at country–
commodity and year levels. Significance levels: *** p<0.01, ** p<0.05, * p<0.1.

A17. Results based on alternative shares (1996–2000)

This appendix reports the pooled and heterogeneous CF-PPML results using the pre-sample instru-

ment F̂Dpre
ikt , which replaces the main-sample export shares with shares computed from 1996–2000

BACI data. The importer fixed effects ψ̂jkt−1 are identical to those in the main specification.

Deforestation

Log(Exports) 0.376**

163



Deforestation

(0.179)

[0.003, 0.709]

Residual 0.066

(0.168)

[-0.274, 0.382]

Observations 36,598

Pseudo R-squared 0.863

Country × Year FE Yes

Commodity × Year FE Yes

Instrument F̂D
pre

ikt

Notes: Bootstrap standard errors (1,000 replications) in

parentheses. 95% bootstrap percentile CIs in brackets. Fixed

effects: country×year, commodity×year. * p<0.10, ** p<0.05, ***

p<0.01.

Table A17.1: Pooled CF-PPML deforestation elasticity using pre-sample shares (1996–2000).

Bootstrap standard errors (1,000 replications) in parentheses; 95% bootstrap percentile confidence

intervals in brackets. Fixed effects: country×year and commodity×year. * p<0.10, ** p<0.05, ***

p<0.01.
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Figure A16.2: CF-PPML elasticity by continent × commodity using the F̂D2ikt instrument. Red
indicates positive elasticities; green indicates negative elasticities. Fixed effects: country–year and
commodity–year. Significance levels: *** p<0.01, ** p<0.05, * p<0.1.

165



Figure A17.1: CF-PPML export–deforestation elasticity by commodity and continent using pre-
sample shares (1996–2000). Error bars show 95% bootstrap percentile confidence intervals (1,000
replications). Fixed effects: country–year and commodity–year. Significance levels: *** p<0.01,
** p<0.05, * p<0.1.
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Figure A17.2: CF-PPML deforestation elasticity by continent and commodity using pre-sample
shares (1996–2000). Red indicates positive elasticities; green indicates negative elasticities.
Bootstrap standard errors (1,000 replications) in parentheses. Fixed effects: country–year and
commodity–year. Significance levels: *** p<0.01, ** p<0.05, * p<0.1.
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