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“It gradually became clear (. . . ) that Brazil had been formed backwards, begin-

ning at the end. It had a crown before it had a people. It had parliamentarism

before it had elections. It had higher education before it had popular education

(. . . ) It had an external reputation before it had an internal consciousness.”

(Alceu Amoroso Lima 1924, quoted in Ricupero 2017, 118)

”Foi-se vendo pouco a pouco (...) que o Brasil se formara às avessas, começara

pelo fim. Tivera coroa antes de povo. Tivera parlamentarismo antes de ter

eleições. Tivera escolas superiores antes de ter educação popular (...) Tivera

conceito exterior antes de ter consciência interna.”

(Alceu Amoroso Lima 1924, citado em Ricupero 2017, 118)
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ao professor Eduardo Francisco, ao professor Eduardo Mello e aos colegas de
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ABSTRACT

This study evaluates the impact of the Calha Norte Program (CNP) on deforestation in

the Brazilian Legal Amazon. Its main contribution lies in offering a causal assessment of

the program’s environmental effects and examining whether localized infrastructure initia-

tives operate differently from the large interventions emphasized in existing scholarship.

Using the Matching Method for Time-Series Cross-Sectional Data developed by Imai,

Kim, and Wang (2023), the analysis finds no statistically significant effect of CNP trans-

fers on forest loss. Two interpretations follow: the infrastructure financed by the program

may be insufficient to alter land-use incentives, or the available data may be too limited

to capture subtler channels of influence. The latter is plausible given that municipalities

receiving the largest cumulative transfers lie outside the Arc of Deforestation – where for-

est loss is most pronounced and determined by agricultural expansion and strong spatial

spillovers. The results highlight the importance of considering project scale alongside

broader economic and geopolitical configurations when evaluating state-led development

initiatives in frontier regions. More broadly, the findings question deterministic links be-

tween infrastructure provision and forest loss in tropical environments, providing insights

for designing public policies that seek to reconcile development with environmental con-

servation.
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Chapter 1

INTRODUCTION

Infrastructure expansion is widely regarded as one of the principal determinants of

tropical deforestation. By lowering access costs and reshaping local economic incen-

tives, new transport and logistical investments tend to facilitate settlement, expand agricul-

tural frontiers, and enable resource extraction, thereby integrating frontier territories into

broader economic networks (Bunker 1990; Hecht & Cockburn 1990; Schmink & Wood

1992; Fearnside 2005). For policymakers, this dynamic generates a persistent dilemma:

how to promote territorial integration and local development without amplifying pressures

on forest cover.

Despite the widely documented link between infrastructure expansion and forest loss,

most of the existing literature implicitly assumes that all forms of infrastructure pro-

duce similar ecological consequences. Empirical research has focused overwhelmingly

on wide-range projects – highways, hydroelectric dams, and – while medium- and small-

scale infrastructure programs remain comparatively understudied. Whether their environ-

mental impacts vary proportionally with project magnitude or follow distinct causal logics

therefore remains an open question.

This study addresses this gap by examining one of Brazil’s longest-standing public ini-

tiatives in the Amazon: the Calha Norte Program (CNP). Currently, the initiative finances

predominantly medium- and small-scale infrastructure with the stated aim of integrating

remote Amazonian municipalities into national administrative and economic circuits. As

such, it constitutes a relevant yet largely unexplored case for assessing whether localized

public investments contribute to deforestation.
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Existing scholarship has approached the CNP primarily through the lenses of national

security, territorial occupation, and institutional evolution. Studies have analyzed its mil-

itary origins, institutional evolution, and interactions with Indigenous territories, but no

systematic research has evaluated whether the program has influenced deforestation across

the municipalities it funds. Two lacunae thus persist: the lack of empirical evidence on (i)

the environmental effects of medium- and small-scale infrastructure, and (ii) the specific

environmental footprint of the CNP.

This thesis addresses both issues by advancing a central question: What is the impact

of the Calha Norte Program on deforestation in the Brazilian Legal Amazon? To answer

this question, the analysis assembles panel data for 771 municipalities between 2009 and

2022 and employs the Matching Method for Time-Series Cross-Sectional Data developed

by Imai, Kim, and Wang (2023), a framework explicitly designed to accommodate treat-

ment reversals – a defining feature of CNP disbursements. By matching treated munic-

ipalities to control units with comparable treatment histories and covariate profiles, this

approach enhances causal identification in circumstances with treatment reversals relative

to conventional difference-in-differences estimators.

The main contribution of this study lies both in providing causal evaluation of the

CNP’s environmental impact and, more broadly, in assessing whether localized infras-

tructure initiatives operate differently from the large-scale interventions that dominate the

literature. The findings reveal no statistically significant effect of CNP transfers on defor-

estation.

Results depart from conventional expectations and admit two main interpretations.

First, the infrastructure financed by the CNP may lack the critical mass necessary to shift

land-use incentives in any detectable manner. Second, the data used in the main model

may be too limited to detect subtler channels of influence. This is particularly plausible
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given that the spatial analysis shows that municipalities receiving the largest cumulative

CNP transfers lie outside the arc of deforestation, where forest loss is most pronounced

and largely driven by agricultural expansion and strong spatial spillovers.

Taken together, these results challenge deterministic accounts of the infrastructure-

deforestation nexus and highlight the extent to which project scale, political economy,

and spatial configuration can condition the capacity of state-led development programs to

reshape land-use dynamics.

The remainder of this thesis proceeds as follows. Section 2.1 reviews the literature

on the relationship between infrastructure and forest loss, while section 2.2 presents the

Calha Norte Program and examines existing scholarship on it. Section 3 details the study’s

hypothesis. Section 4 outlines the research design and empirical strategy. Section 5 reports

the main results, and section 6 discusses their broader implications. Finally, section 7

concludes by identifying limitations and suggesting directions for future research.
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Chapter 2

LITERATURE REVIEW

2.1 Infrastructure and Deforestation

Tropical forests attract attention as areas where the imperatives of economic develop-

ment collide with the goals of ecosystem conservation. These regions harbor high levels of

biodiversity and play a crucial role in global carbon storage and hydrological regulation;

yet, within its boundaries forest clearings occur at alarming rates (Myers et al. 2000; Malhi

et al. 2014). Hence 20% of recent global greenhouse gas emissions have been attributed

to tropical deforestation (Hansen and DeFries 2004; Hansen et al. 2008; Stern 2008).

This phenomenon is largely driven by local pressures for economic advancement com-

bined with regional weaknesses in environmental governance and enforcement (Pfaff et

al. 2007). In many developing countries, where infrastructure investments are viewed as

essential to economic growth but frequently degrade natural ecosystems, the challenge of

reconciling development with environmental preservation remains acute. As such, policy-

makers must navigate a persistent tension between expanding economic opportunities and

safeguarding ecological integrity (Fajgelbaum and Redding 2022; Bebbington et al. 2018;

Leite-Filho et al. 2021; G. Li et al. 2019).

Road construction has long been identified as a key catalyst for land clearing, pri-

marily by reducing transportation costs and opening access to previously remote forested

territories, thereby converting them into economically valuable areas (Barber et al. 2014;

Geist and Lambin 2002; Pfaff 1999). As forest frontiers become more accessible, a chain

reaction unfolds: an extensive body of literature shows that infrastructure development in-
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tensifies land speculation, trade integration, illicit logging, and migratory flows – processes

that together transform forest margins into dynamic zones of environmental degradation

and social conflict (Bunker 1985; Hecht and Cockburn 1990; Schmink and Wood 1992;

Faria and Almeida 2016). Burgess et al. (2012) further demonstrate that as formerly unin-

habited regions become occupied, new layers of administrative governance emerge, often

correlating with higher deforestation rates.

These findings established the foundation for a research tradition that examines infras-

tructure primarily through the lens of large-scale, state-driven development projects. In

classic analyses, such as Bunker’s (1985) account of Amazonian integration into global

markets, the construction of massive transport and energy networks – highways, ports,

hydroelectric dams – appears not as a pathway to endogenous development but as a mech-

anism that deepens extractive dependence and perpetuates ecological and social inequal-

ities. Hecht and Cockburn (1990) similarly show how the Transamazon Highway and

state-led colonization programs set in motion extensive deforestation and land concentra-

tion, while Schmink and Wood (1992) emphasize how military-era road building, settle-

ment schemes, and agro-industrial investments fueled migration, cattle ranching, and rural

conflict.

As scholarship advanced, researchers expanded the analytical lens beyond physical

infrastructure itself. Faria and Almeida (2016) highlight how trade openness and agricul-

tural export dynamics shape deforestation by altering market incentives, whereas Burgess

et al. (2012) demonstrate the role of political-administrative fragmentation in driving for-

est loss. Although these studies move the discussion toward broader macroeconomic and

institutional mechanisms, they remain anchored in structural explanations – examining

forces that operate at regional or national scales rather than the effects of localized policy

interventions.
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Collectively, this corpus of work reveals a consistent insight: in tropical forest regions,

infrastructure expansion and resource extraction tend to reinforce each other, forming a

cycle in which improved access enables greater exploitation, and expanding exploitation

creates further demand for new infrastructure. This, in turn, facilitates the spatial and eco-

nomic penetration of frontier regions. This dynamic embodies a central dilemma: while

infrastructure is indispensable for promoting regional integration and economic growth,

prevailing development models often reproduce environmentally degrading patterns.

It is within this tension that recent debates have turned to whether development and

conservation can be reconciled through “green infrastructure” technologies – that is, sus-

tainable technologies. Although such alternatives exist, they often remain out of reach for

emergent countries due to limited fiscal and institutional capacity (Thacker et al. 2019).

The key question, therefore, shifts from designing idealized alternatives to understanding

how conventional infrastructure policies function under real-world constraints and what

environmental consequences they produce.

To the best of this study’s knowledge, however, the literature discussed thus far has

focused predominantly on the environmental impacts of large-scale development projects.

As a result, the effects of medium- and small-scale infrastructure initiatives – whose cu-

mulative impacts may also shape land-use patterns – remain comparatively underexplored.

This study addresses this gap by examining the Calha Norte Project), a Brazilian public

policy that provides a relevant case for understanding how localized, state-led infrastruc-

ture interventions influence deforestation dynamics in the Amazon.

Established in 1985, the CNP seeks to promote settlement and regional development

across the Brazilian Amazon region1 through investments in infrastructure and military
1CNP extended its territorial range over time and currently encompasses around 783 municipalities and ex-

tends further than the Amazonian region. Brazil, Ministério da Integração e do Desenvolvimento Regional,
“Programa Calha Norte completa 40 anos com histórico de desenvolvimento e inclusão na Amazônia Legal,”
GOV.BR, 12 Sept. 2025, https://www.gov.br/mdr/pt-br/noticias/programa-calha-norte-completa-40-anos-com-historico-
de-desenvolvimento-e-inclusao-na-amazonia-legal
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spending. Although resource allocations are typically localized and project-specific, the

initiative encompasses a large number of municipalities, whose combined activities may

generate significant cumulative environmental impacts. As such, the CNP provides an

opportunity to evaluate how decentralized and medium-scale public investment programs

intersect with deforestation dynamics in frontier regions.

Recent research indicates that forest loss in the Brazilian Amazon has been predomi-

nantly driven by agricultural expansion – particularly soybean cultivation and cattle ranch-

ing concentrated in the so-called “arc of deforestation” (Martins and Francisco 2025; Faria

and Almeida 2016; Fearnside 2005; Instituto Socioambiental 2019).

Figure 2.1: Arc of deforestation

Source: Jesus, Oliveira Neto e Silva 2022, 136, fig. 2.

While this agricultural frontier accounts for most forest loss, the mechanisms identi-

fied in the infrastructure literature suggest that public investments can also alter land-use
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dynamics by easing mobility, lowering production and transport costs, and increasing the

economic returns to land conversion.

Against this backdrop, while this agricultural frontier remains the primary locus of

forest loss, the present study seeks to assess whether localized infrastructure initiatives

– such as those financed through the Calha Norte Project – can still generate detectable

effects on deforestation in the region.

2.2 The Calha Norte Program

2.2.1 Calha Norte Program’s Motivation and Structure

During the early decades of the Brazilian Republic, recurring concerns emerged regard-

ing the persistent neglect of the Amazonian hinterlands – vast territories administratively

concentrated in only a handful of municipalities. The state governments of Pará and Ama-

zonas, each operating from their dominant urban centers, Belém and Manaus respectively,

lacked the political and economic capacity to project authority much beyond a short radius

from their capitals.

Along Brazil’s northern borders, small and isolated military detachments stationed on

rivers such as the Amapá, Negro, and Madeira undertook the demanding task of assert-

ing national sovereignty with minimal institutional support. At the same time, although a

stronger territorial presence was widely perceived as desirable for expanding state author-

ity, regional elites had incentives to maintain the political status quo. Large landholdings

were kept idle and unproductive, not for lack of resources but because territorial sparsity

safeguarded existing privileges and minimized external interference.

Faced with the dual challenge of extending state presence in the Amazon and accom-

modating the political influence of powerful landowners, the federal government imple-

mented a series of initiatives to stimulate regional development without redrawing admin-

8



istrative boundaries. It established several regional development agencies – such as SU-

DAM, SUFRAMA, INCRA, and BASA – tasked with promoting the region’s integration

and modernization.

Although some of these agencies achieved partial success, the persistent fragility of

regional governance continued to constrain their effectiveness. The economist and profes-

sor Samuel Benchimol of the University of Manaus observed that the region’s enduring

challenges were inseparable from the limited penetration of official political and institu-

tional authority in the Brazilian Amazon. As cited by Meira Mattos (1980, 76), Benchimol

argued:

”The persistence of this historical latifundium, which continues to preserve the vast

political estates of the Amazon and the Center-West in the so-called Amazon of the Nine

(. . . ) constitutes, in my view, one of the principal obstacles to regional development. (. . . )

The absence of an adequate economic, social, and organizational structure to support and

provide logistics to the population hampers productive effort, discourages private initia-

tive, destroys human solidarity, prevents radiating effects and expression, and unravels the

fabric of innovation and creativity.”

Gradually, then, it was understood that an effective strategy for energizing the vast

Amazonian expanse could not overlook the territorial division. It had to combine an appro-

priate boundary redrawing with the permanent and active engagement of regional agencies

responsible for planning and coordinating projects of economic and social development.

In this context, in an attempt to integrate the area, in 1985 CNP was created through the

Explanatory Memorandum No. 018/85 by Brigadier General Rubens Bayma Denys and

accepted in the same year by President José Sarney.

Initially, the project had a predominantly military scope, with most funds allocated

to the Army and Navy Ministries (Diniz 1994a). In the following decades, however, the
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program underwent significant transformations. The end of the Cold War combined with

the evolution of the global geopolitical landscape and Brazil’s socioeconomic changes re-

quired its adaptation to new political, social, and economic realities. Brazilian democratic

consolidation, international pressure for Amazon preservation and growing criticism from

environmental and indigenous rights advocates contributed to the program’s change.

This pressure resulted in CNP’s institutional reform. In 1995, a Special Joint Con-

gressional Committee was established, representing the first parliamentary review of the

program and introducing transparency after ten years of the project’s secrecy. In 1996, the

New National Defense Policy removed the program’s exclusively military character, and in

1997, a revitalization process began, leading to a gradual ”democratic legitimation” of the

CNP. By centralizing management, improving coordination, and subjecting the military to

civilian authority, it provided CNP with a more robust institutional framework. Between

2000 and 2003, the program was incorporated into the Multi-Year Plan (PPA) for the first

time, securing funding, ensuring continuity, and enhancing parliamentary oversight.

Since 1997, the civil component of the program has gained increasing prominence, re-

ceiving greater funding than its military counterpart. Its financing has relied primarily on

parliamentary amendments. However, the eligibility criteria for municipalities to access

these resources have never been formally established by law or decree. Instead, it evolved

through administrative practice. At present, to qualify for transfers, municipalities must

be located within the program’s operational area and submit project proposals through

the federal +Brasil Platform. These proposals must align with the CNP’s priority areas –

such as infrastructure, health, education, and sustainable development – include complete

technical documentation in accordance with the program’s annual guidelines, and demon-

strate fiscal and legal compliance, while maintaining a record free of pending issues from

previous grants (Ministério da Defesa 2022).
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Funding approval depends on technical evaluation by the Department of the Calha

Norte Project, allocation of parliamentary amendments, and is further constrained by bud-

get availability and adherence to existing CNP agreements. In spite of this formal frame-

work, not all municipalities that meet the stated requirements receive funding, as final

selection by the federal government remains largely discretionary. The program’s insti-

tutional arrangements have shifted over time, reflecting broader federal administrative re-

forms and changing budgetary mechanisms. What has remained constant, however, is the

program’s strategic rationale.

Since its creation, the Calha Norte Project has retained a core objective: consolidating

state control and promoting occupation of the Amazon region. According to its current

mission, the program seeks to “contribute to the maintenance of national sovereignty, ter-

ritorial integrity, and the promotion of orderly and sustainable development (...) with the

objectives of increasing state presence, providing assistance to populations, retaining in-

habitants in the region, and contributing to national defense” (Ministry of Defense 2022).

In practice, this translates into encouraging economic development and settlement through

infrastructure investments in a region marked by weak and relatively recent institutions.

2.2.1.1 Literature on the Calha Norte Program

While the Calha Norte Program has garnered sustained scholarly interest, existing

analyses have predominantly framed it within perspectives of national security, territo-

rial governance, and sociopolitical control, with comparatively little attention devoted to

its potential environmental implications.

By positioning the program within the broader literature on infrastructure expansion

and deforestation dynamics, the present study seeks to bridge this gap, opening an empir-
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ical line of inquiry into a policy instrument whose environmental impacts have received

little systematic scrutiny.

The earliest systematic works by Diniz (1994a, 1994b) situate the program’s creation

within Brazil’s authoritarian developmentalism of the 1980s. They describe it as a mil-

itary initiative conceived under the National Security Council to assert sovereignty and

prevent “foreign interference” in the Amazon, while simultaneously promoting occupa-

tion through infrastructure construction.

Nascimento (2005, 2009) expands on this argument by linking the CNP to the broader

evolution of Brazil’s Defense Policy – Polı́tica de Defesa Nacional –, suggesting that the

program served as a territorial instrument for consolidating the state’s presence in border

areas after the Cold War. Monteiro (2011), in turn, analyzes how the CNP’s civilian com-

ponent gained prominence in the 2000s but retained a structural continuity with its military

past. His research highlights the persistence of hierarchical decision-making, opaque allo-

cation mechanisms, and the political use of parliamentary amendments to channel federal

resources, often reinforcing local patronage networks.

Several authors also examine the program’s effects on local populations and Indigenous

groups. Diniz (1994b), Albert (1992), and Nascimento (2005) note how CNP operations

frequently overlapped with Indigenous lands and mining areas, generating tensions be-

tween national security objectives and Indigenous rights. In contrast, Rocha (2020) and

Oliveira (2023) approach the program from an institutional perspective, describing it as an

effort to integrate isolated municipalities and strengthen state presence in the Amazon.

Evedove (2020) provides a critical socio-spatial interpretation, arguing that the pro-

gram operates through a “discourse of precariousness” that naturalizes uneven develop-

ment and legitimizes state intervention in peripheral territories. Similarly, Costa (2024)

underscores the program’s enduring contradiction between its dual missions of defense
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and development, highlighting the institutional and political challenges of implementing

sustainable growth in frontier regions.

Overall, this body of work portrays the CNP as a geopolitical mechanism for asserting

state control and managing frontier development. However, its implications for land-use

change and environmental governance remain poorly understood – an omission that limits

a fuller understanding of the program’s long-term territorial effects.
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Chapter 3

HYPOTHESIS

The Calha Norte Project stands apart from most public policies implemented in the

Brazilian Amazon. Historically, such initiatives have avoided promoting territorial trans-

formation, reflecting the interests of regional elites in preserving extensive and idle land-

holdings. By explicitly fostering occupation through infrastructure building, CNP offers a

distinctive lens to examine the relationship between state-led development initiatives and

environmental conservation in a region predominantly covered by tropical forests.

This study estimates the impact of the civil component of the CNP on deforestation

across municipalities in the Brazilian Legal Amazon between 2009 and 2022. The civil

component is the focus of the analysis because, over time, it has gained greater prominence

relative to the military branch and constitutes the segment responsible for implementing

infrastructure projects. Additionally, the selected period reflects the temporal coverage of

federal transfer data disclosed by the Brazilian government.

Moreover, because the program’s geographical coverage expanded progressively through-

out its existence, establishing a consistent spatial boundary for empirical analysis was

necessary. For this purpose, the Brazilian Legal Amazon – created by Article 199 of

the 1946 Brazilian Constitution and encompassing 58.9% of national territory (Instituto

de Pesquisa Econômica Aplicada [IPEA] 2008) - was adopted. This official classifica-

tion provides a stable territorial reference and includes municipalities that share broadly

comparable socio-economic and environmental characteristics, most of which are situated

within the Amazon biome.
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The central hypothesis of this study is that higher volumes of transfers through the

Calha Norte Program are associated with greater deforestation rates in the Brazilian Le-

gal Amazon. As discussed in Section 2.1, the literature consistently documents a positive

relationship between infrastructure development and forest loss. The underlying mecha-

nism is that, by financing infrastructure and facilitating settlement in sparsely inhabited

areas, the CNP may reduce the costs of remaining in remote regions increasing pressures

on forest cover.

A preliminary correlation analysis indicates that, over the period examined, higher

levels of CNP civil transfers were not concentrated in municipalities exhibiting the greatest

deforestation rates (figure 3.1). Should this pattern hold under causal inference, the central

hypothesis of this study would be empirically rejected.
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Figure 3.1: Intersection between accumulated deforestation and CNP transfers for
2009–2022.

Note. Incremental deforestation as a percentage of total municipal area and CNP transfers in Brazilian
reais. Green polygons denote municipalities not evaluated in the analysis. The municipality shown in the

south is Santo Antônio de Leverger, excluded because of unavailable observations. The second is Boa
Esperança do Norte, created in 2023; during the period analyzed, it was part of Nova Ubiratã.

Source: author.
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Chapter 4

RESEARCH DESIGN

To assess whether the Calha Norte Program influenced forest loss across municipalities

in the Brazilian Legal Amazon, this study employs the Matching Method for Time-Series

Cross-Sectional Data developed by Imai, Kim, and Wang (2023). This approach is well

suited to settings involving treatment reversals, such as the CNP, in which a municipality

may receive transfers in one year but not in the preceding or subsequent one. Due to data

availability constraints from the Brazilian government, the analysis will cover the period

from 2009 to 2022.

The impact of the Calha Norte Program is estimated as the difference in the observed

evolution of incremental deforestation rates before and after municipalities receive CNP

transfers, compared to their counterfactuals – namely, matched control municipalities de-

fined according to the specified numbers of leads (F) and lags (L). This effect is summa-

rized by the average treatment effect on the treated (ATT) estimator, denoted as d̂ (F;L).

To operationalize the afore mentioned method, the PanelMatch Rstudio package developed

by Imai et al. (2023) is employed.

Finally, given evidence in the literature that deforestation in the region exhibits spatial

dependence (Martins and Francisco 2025), Moran’s I statistic will be computed for three

benchmark years – 2009, 2016 and 2022 – to assess how spatial dependence evolved over

the period under analysis. Positive autocorrelation is expected; if so, the CNP effect esti-

mated in the main model would likely be larger in the absence of such spatial dependence.
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4.1 Variables and Sources

In this research, the dependent variable is incremental deforestation, measured in squared

kilometers. The data was obtained from PRODES, through the TerraBrasilis platform of

the National Institute for Space (INPE 2025). The independent variable is the value of

Civil Transfers from the Calha Norte Program, measured in Brazilian reais for the same

period. These data was obtained from the official dataset Convênios do Programa Calha

Norte – Vertente Civil, available on the Brazilian government’s open data portal (Brasil

2025). Due to restrictions imposed by the PanelMatch methodology, transfers are recoded

as a binary variable – taking the value 1 if a municipality received a transfer in year t and

0 otherwise.

Several control variables are included to account for alternative time-varying explana-

tions for the variation in incremental deforestation rates. These are: (1) GDP per capita;

(2) mining; (3) forestry sector activity; (4) cattle herd; (5) agricultural output; (6) percent-

age of municipal territory designated as Indigenous Lands; (7) percentage of municipal

territory defined as Conservation Units, and (8) total municipal area (in km²) – included to

control for scale effects related to the territorial size of each municipality.

Faria and Almeida (2013) identify a negative relationship between GDP per capita

and deforestation. According to the Environmental Kuznets Curve hypothesis, economic

growth tends to increase environmental degradation up to a certain income threshold, after

which further development leads to environmental improvements (Singh et al. 2021).

To examine whether this pattern holds in the Legal Amazon, municipal GDP per capita

(in thousand reais) was included as a control variable. Data on municipal population,

GDP, and territorial area was obtained from SIDRA (SIDRA n.d.). GDP per capita was

computed as the ratio between municipal GDP and population for each year. Because

GDP statistics were unavailable for 2022, values for that year were imputed as the mean

18



of each municipality’s previous GDP observations – from 2009 to 2021 –, divided by the

corresponding population figures obtained from IBGE (IBGE n.d.) for the same years.

For the timespan analyzed, the literature recognizes cattle herds and agricultural ac-

tivity as key drivers of forest loss in the Legal Amazon (Santos et al. 2021; Brandão,

Rezende, and Marques 2006). Forestry sector activity has also been shown to positively

influence vegetation loss (Faria and Almeida 2013). Data for cattle is reported in head-

count, while agriculture and forestry values are expressed in thousand reais. All data

were collected from SIDRA (SIDRA n.d.) for each municipality of the Legal Amazon.

Prolonged exploitation of natural resources, particularly mining, also contributes to en-

vironmental degradation (Tarbox 2020). According to Sonter et al. (2017), the impacts

of mining extend not only through mining infrastructure development but also through ur-

ban expansion to accommodate workers, and growth of mineral commodity supply chains.

Mining data is sourced from MapBiomas (MapBiomas 2025) and represent the municipal

area in km² under mining activity.

The amount of land available to be cleared within each municipality constitutes a po-

tential source of bias. Some municipalities are inherently more exposed to forest loss

simply because they encompass larger areas that can be cleared. To mitigate this concern,

three variables were incorporated: (1) the percentage of land designated as Conservation

Units, representing areas that cannot be lawfully deforested; (2) the percentage of munici-

pal area covered by forest, since municipalities with larger forest cover inherently present

greater potential for deforestation; and (3) the percentage of land classified as Indigenous

Territories, given that indigenous populations are widely recognized as effective forest

stewards (Baragwanath, Bayi, and Shinde 2023).

Data on Conservation Units were obtained from the Brazilian Government’s open data

portal (Brasil, Ministério do Meio Ambiente 2023) and are reported in square kilometers.
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Data on Indigenous Territories were collected from Funai (Brasil, Funai 2024), also in

square kilometers. Both datasets include units that span multiple municipalities. To adapt

them for annual, municipality-level analysis – rather than incorporating only newly cre-

ated areas – the total stock of protected lands was carried forward to each year to reflect

their continuity over time. Using QGIS, the spatial intersection between Conservation

Units/Indigenous Territories and municipalities in the Legal Amazon (Brasil, IBGE 2022)

was calculated and then added to the panel dataset as a percentage of total municipal area.

Importantly, Indigenous Territories were included only after they had been legally reg-

istered. To determine this, the Funai dataset (Brasil, Funai 2024), which reports the legal

status of each territory, was filtered by year of registration, and only territories formally

recognized in a given year were incorporated into the dataset. Finally, forest cover was

measured in km² and collected from MapBiomas (MapBiomas 2025).

Proximity to transportation infrastructure is widely recognized as one of the strongest

predictors of deforestation in tropical regions, including Brazil (Barber et al. 2014; Geist

and Lambin 2002; Pfaff 1999). Road expansion increases accessibility and lowers trans-

portation costs, directly enhancing the profitability of agricultural and extractive activities

and thus incentivizing land clearing. Between 1970 and 2000, the Amazon’s road network

doubled, adding more than 80,000 kilometers of highways (Margulis 2004). However,

little additional paving occurred after 2000 (Oliveira Neto 2020, 66). For this reason, road

infrastructure can be considered time-invariant for the period from 2009 to 2022, meaning

that its effects are already captured by the structure of Difference-in-Differences design

deployed.
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4.2 Differences-in-Differences

The difference-in-differences (DiD) method estimates causal effects by comparing

changes in outcomes before and after the intervention between treated and control groups.

The first difference – the before and after variation within each group – controls for time-

invariant factors by comparing each group to itself. The second difference – the difference

in those before-and-after variations – measures the impact of the treatment (Gertler et al.

2011).

For the method to yield a valid estimate of the counterfactual, the parallel trends as-

sumption must hold. This assumption implies that, in the absence of treatment, outcomes

for treated and control groups would have followed similar trajectories over time. There-

fore, both groups must exhibit comparable pre-treatment trends, ensuring that any post-

treatment divergence can most likely be attributed to the intervention itself.

A common approach to assessing this assumption is to verify whether the outcomes

moved in tandem prior to the program’s implementation; if so, it is reasonable to infer that

they would have continued to evolve in parallel in the post-intervention period.

DiD is handful in the analysis developed in this research by virtue of allowing distinct

baseline levels. Because DiD estimates causal effects by comparing rate changes in time

between treated and untreated units, it allows for heterogeneity in baseline levels, hence

municipalities must not possess equal deforestation rates prior to the treatment.

Also, DiD does not require random assignment or fully transparent selection criteria

which is of utmost importance given the rather unclear CNP’s treatment selection criterion

mentioned in section 2.2.
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4.3 Panelmatch

Municipalities under CNP may receive fundings more than once (as indicated in figure

4.1), with treatment timing varying across units. Conventional Difference-in-Differences

approaches are not designed to accommodate such staggered treatment reversals. Imai,

Kim, and Wang (2023), however, developed a matching method for time-series cross-

sectional data that explicitly accounts for variations in treatment timing and allows units

to transition in and out of treatment status over time.

Figure 4.1: Treatment Assignment

Source: author.

Following this method, to create a reliable control group, each treated observation is

matched to control observations from other units in the same period that share an identical
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treatment history up to a prespecified number of lags (L) (pre-treatment periods), imply-

ing exact matching on time period as to adjust for time-specific unobserved cofounders.

Standard matching or weighting techniques are applied to ensure that treated and con-

trol observations exhibit similar covariate profiles, with overall balance across explanatory

variables serving as the primary criterion for match quality.

Because the initial matched sets are constructed solely on the basis of treatment history,

a refinement step is then implemented to improve comparability in observed characteris-

tics. This refinement relies on weighting and distance-based procedures – Mahalanobis

distance, propensity score matching, and covariate-balancing propensity scores – which

reduce covariate imbalance and strengthen the plausibility of the parallel trends assump-

tion.

The first step in the methodology is to define the causal quantity of interest, which

requires selecting two parameters: the number of leads (F) and the number of lags (L).

The parameter F is a nonnegative integer that determines how many periods after the ad-

ministration of treatment the outcome of interest will be measured. A larger value of F

allows estimation of longer-term effects but may complicate interpretation, since matched

units can have switched their treatment status during the lead period. Conversely, a smaller

value of F captures only short-run effects.

Complementarily, the choice of L involves a bias-variance tradeoff. A larger value of L

enhances the credibility of the limited carryover effects assumption – once a longer treat-

ment history is explicitly accounted for, it becomes less likely that the treatment continues

to influence the outcome after it ends. However, increasing L also reduces the number of

potential matches, thereby decreasing the efficiency of the estimates.

Finally, once F and L are defined, causal effects are estimated using a Difference-in-

Differences framework that incorporates a time trend. Standard errors are computed con-
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ditional on the weights implied by the matching procedure. Following Ho et al. (2007),

this means that the uncertainty captured reflects only the variability of the outcomes, given

the matched sample, and not the uncertainty surrounding the matching process itself. Al-

though this may lead to conservative inference, it is a widely accepted practice in the

matching literature.

4.4 Formal Empirical Strategy

• Unit–time effect (difference–in–differences):

t
(F;DiD)
it = (Yi;t+F �Yi;t�1)� å

j2J (i;t)
wi j(t)(Y j;t+F �Y j;t�1)

• Average Treatment Effect on the Treated (ATT, DiD):

ÂT T
(F;DiD)

=
1
jWT j å

(i;t)2WT

t
(F;DiD)
it

Notation:

• Units i = 1; : : : ;N = 771 (municipalities), periods t = 2009; : : : ;2022.

• Treatment Xit 2 f0;1g: Xit = 1 if municipality i receives a CNP transfer in year t; 0

otherwise.

• Outcome Yit : incremental deforestation (km2).

• Treatment history of length L: XL
i;t�‘ = (Xi;t�2; : : : ;Xi;t�L).

• Lead F � 0: horizon at which the outcome is evaluated after treatment at t.

• WT = f(i; t) : Xit = 1; Xi;t�1 = 0g: set of “newly treated” unit–times.

• For each (i; t)2WT , let J (i; t) be the matched control set (units not treated at t, with

the same treatment history up to L lags and balanced covariates). Matching weights

wi j(t)� 0 are defined such that:
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å
j2J (i;t)

wi j(t) = 1:

4.5 Robustness

4.5.1 Moran’s Index

The methodology assumes the absence of spillover effects across units but explicitly

allows for carryover effects up to L periods. While this simplifying assumption is nec-

essary for identification, it does not account for potential spatial spillovers. Nonetheless,

literature provides evidence of spatial dependence in forest loss across the Brazilian Legal

Amazon (Martins and Francisco 2025). Moran’s I is estimated for 2009, 2016 and 2022

to offer empirical insight into the degree of spatial clustering in deforestation but also to

critically evaluate the robustness of the study’s identification strategy.

Moran’s I is widely acknowledged in the literature as a key measure of spatial auto-

correlation. It assesses the relationship between the value of a given variable in one area

and the values of the same variable in adjacent areas. The statistic typically ranges from

�1, indicating perfect spatial dispersion, to +1, indicating perfect spatial clustering, with a

value of 0 representing a completely random spatial pattern. The equation below illustrates

this index:

I =
n

å
n
i=1 å

n
j=1 wi j

�
å

n
i=1 å

n
j=1 wi j(yi� ȳ)(y j� ȳ)

å
n
i=1(yi� ȳ)2

Notation:

• n: total number of observations or locations analyzed;

• yi and y j: values of the variable of interest at locations i and j, respectively;

• ȳ: mean of the values of the variable of interest;
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• wi j: weights assigned in the spatial weights matrix, where each element wi j indicates

the weight or the strength of spatial relationship between location i and location j.

The most applied neighborhood criteria are the Rook and Queen contiguity rules. Un-

der the Rook criterion, two areas are considered neighbors when they share a common

edge. The Queen criterion defines adjacency by any shared boundary point – whether

an edge or a vertex. In this study, the Queen criterion was chosen because it accounts

for diagonal as well as lateral connections between spatial units, thus providing a more

comprehensive perspective on neighborhood structure (Dunbin 2009).

Spillover effects across municipalities are expected to be positive in all three time pe-

riods. This implies that the estimated effect of the CNP on deforestation may represent a

lower bound, as the true impact would likely be higher in the absence of spatial autocorre-

lation.

4.5.2 Placebo tests

To strengthen the robustness of the results, this study performs placebo tests. In this

procedure, the treatment is artificially assumed to occur prior to its actual implementation,

allowing the model to verify whether similar effects would have been detected in pre-

treatment periods. Specifically, using the PanelMatch package, the placebo test estimates

the change in outcomes at time (t – 1) relative to earlier pre-treatment periods within the

lag window from (t – max(lag)) to (t – 2).

Under a valid identification strategy and the parallel trends assumption, the estimated

effect of artificial treatment assignment should be statistically indistinguishable from zero.

A significant placebo effect, on the other hand, would indicate that the estimated treatment

impact is likely driven by underlying differences in pre-treatment trends or unobserved
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confounders, thereby undermining the credibility of the causal interpretation and parallel

trends assumption.
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Chapter 5

RESULTS

5.1 Main Model Results

The final database consists of panel data covering 771 municipalities out of the 772

officially recognized as part of the Brazilian Legal Amazon, according to the IBGE’s 2022

division. The municipality of Santo Antônio de Leverger was excluded due to the absence

of its registered satellite images of incremental deforestation between 2009 and 2013.

This exclusion was necessary because PanelMatch requires that all units have outcome

information for every period. The resulting dataset spans the years 2009 to 2022 and

comprises 10,794 observations out of 19 variables.

Section A of the appendix reports the differences in trends across the explanatory vari-

ables. Since the DiD strategy cancels out time-invariant factors through the first-difference

calculation, it is important to include potential time-varying confounders to improve model

precision and balance. In light of this, covariables were incorporated and their variation

examined to assess whether they exhibit substantive temporal change – thereby justifying

their inclusion in the empirical specification.

For each covariate, two plots illustrate its temporal evolution. The first displays its

annual values from 2009 to 2022 for the 771 municipalities in absolute terms. The second

presents its year-on-year percentage variation relative to the preceding period, capturing

the relative dynamics of each covariate over time. All covariates exhibited substantial

variation throughout the period, reinforcing the motivation for their inclusion in the model.
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Nevertheless, mining and forestry were removed from the analysis. The first contained

8,512 (78.8% of total data) missing observations over the analyzed period and the latter

presented 9,092 (84.2% of total data). Mining data was obtained from MapBiomas, which

employs Deep Learning techniques and reference data from CPRM (the Brazilian Geolog-

ical Survey), AHK Brasilien (the German-Brazilian Chamber of Commerce and Industry),

INPE (the National Institute for Space Research), and ISA (the Socio-Environmental In-

stitute), thus providing a highly comprehensive source of information (MapBiomas 2023).

Forestry revenue data was sourced from the official database of the Brazilian government

(IBGE 2022), also regarded as a reliable and complete source.

The removal of these variables was necessary to satisfy the parallel trends assumption,

once the large number of missing values generated high standardized mean differences

(SMD). As a rule of thumb, to credibly control for confounders and uphold the parallel

trends assumption, the SMD for each covariate in each time period should not exceed 0.2

standard deviations. The difference in covariate balance between the models – with and

without mining and forestry – can be assessed in appendix B.

This exclusion, however, involves a trade-off. Although it increases the similarity be-

tween treated and control units, it may also introduce omitted variable bias. To address

this concern, a sensitivity test was conducted. First, the model was estimated without

both variables. Then, for each variable separately, an additional model was run using only

the subsample of municipalities that reported positive values for mining or forestry in at

least one year. The results, presented in appendix C, indicate that the CNP transfers re-

mained statistically insignificant in explaining deforestation - as in the main model. This

suggests that excluding these covariates does not meaningfully bias estimates. In other

words, although the literature consistently documents a positive association between forest

clearings and both forestry and mining activities, their omission did not materially affect
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magnitude of the estimated causal effects. This makes sense given the elevated amount of

missing values.

Covariate balance also provided valuable insight into which refinement method was

most appropriate. Appendix B Figures B.3, B.5, B.8 and B.10 visually present the SMD

of covariates obtained through weighting and matching methods, respectively. Comple-

mentarily, Tables B.1, B.2, B.3, and B.4 detail these results numerically. Based on this

assessment, the refinement method adopted in this study was propensity score matching,

as it yielded the lowest SMD values overall.

Another crucial step in the PanelMatch procedure is the selection of lags (L) and leads

(F). In this study, the number of leads was set to two. Smaller F values would capture only

short-term impacts, despite the fact that infrastructure investments generally materialize

over extended implementation periods. Conversely larger values of F could compromise

the interpretation of causal effects by increasing the probability that multiple units change

their treatment status during the lead period. Nonetheless, additional estimations with F =

4 were performed as robustness checks. As shown in appendix section D, no significant

differences were observed, possibly because the projects implemented under the program

did not require extended construction periods.

With respect to the number of lags, a larger L is generally desirable because it allows

for more credible matching between similar units. However, increasing L simultaneously

restricts the number of potential matches due to stricter historical requirements.

Figure 4.1 presented in section 4.3 shows the frequency of treatment across the 771 mu-

nicipalities. Based on the image, it can be inferred that transfers tend to occur repeatedly,

often in two or more consecutive years. In other words, treatment is typically continuous

rather than isolated for units that receive it.
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Figure 5.1 and Figure 5.2 further report the distribution of matched-set sizes obtained

from the unrefined matching procedure. F was fixed as 2 while L was varied. The vertical

red bar indicates the count of empty matched sets. When L = 2, no empty sets are observed

(see appendix E); however, as suggested by Figure 4.1, a two-year window is likely too

narrow and may weaken the robustness of the estimates. Raising L from 3 to 4 engenders

a modest increase in empty sets, though the change remains small relative to the sample

size. Yet, once L exceeds 4, the number of empty matched sets rises sharply (see appendix

E).

Figure 5.1: Distribution of matched sets
when L=3 and F=2

Source: author.

Figure 5.2: Distribution of matched sets
when L=4 and F=2

Source: author.

Considering these patterns, lag values smaller than 3 or larger than 4 were not adopted.

Since longer lag lengths are generally preferable, L = 4 was selected as the main specifi-

cation. To assess robustness to alternative temporal structures, estimates and placebo tests

using L = 3 are also presented in appendix F and yield results similar to those obtained
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with L = 4, indicating that the one-year difference did not systematically affect model

performance.

After defining propensity score matching as the refinement method and setting the

number of leads to 2 and the number of lags to 4, the model was estimated. Across the

analyzed period, no statistically significant causal relationship was identified between CNP

transfers and deforestation in the Brazilian Legal Amazon, as shown by figure 5.3. At the

95% confidence level, the estimated interval intersects zero for all leads, indicating that

the estimated effect is null. Placebo tests performed for periods (t - 4), (t - 3) and (t - 2)

also produced coefficients statistically indistinguishable from zero (figure 5.4), suggesting

that the model specification is adequately refined.

Figure 5.3: Estimated ATT (bootstrap)
L = 4, F = 2. Source: author.

Figure 5.4: Estimated Effects of Treatment
Over Time — placebo (bootstrap)

Source: author.

This result does not necessarily refute the initial hypothesis; Rather, it suggests that,

within the scope and data constraints of this study, a causal link cannot be empirically

confirmed.
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5.2 Spatial Autocorrelation

Spatial autocorrelations were computed for the first (2009), middle (2016), and final

(2022) years of the analysis period to evaluate whether spatial dependence not captured

by the main econometric model exerts explanatory influence over forest loss outcomes.

To mitigate possible interpretation biases arising from differences in municipal size, in-

cremental deforestation was expressed as a percentage of total municipal territory. This

measure was obtained by dividing the annual deforested surface by the corresponding mu-

nicipal area for each year.

The results indicate a high and statistically significant global spatial autocorrelation at

the 95% confidence level (see appendix G). Over time, a growing number of municipalities

have contributed to total forest loss, reflected in the outward expansion of the deforesta-

tion patch in central Amazon – overlapping with the arc of deforestation. This evolution

is marked by the proliferation of high-high clusters and a rising number of upper outliers.

This means that municipalities with high environmental degradation levels are increas-

ingly located near others with similarly high values, intensifying the likelihood of spatial

spillovers and reinforcing the persistence of outward expansion of deforestation across the

region.

5.2.1 Evolution of Forest Loss Concentration

To assess the spatial concentration of deforestation, one Box Map was generated for

each selected year. Each municipality is colored according to its position within the statis-

tical distribution of the percentage of municipal area deforested. The maps divide obser-

vations into classes based on the interquartile range (IQR), thereby highlighting outliers

and municipalities with unusually high or low levels. All values are calculated relative to

the annual sample of the respective year.

33



(a) 2009 (b) 2016

(c) 2022

Figure 5.5: Box Maps of the Share of Total Municipal Area Deforested for 2009, 2016,
and 2022.

Note. White polygons denote municipalities not evaluated in the analysis (same as Figure 3.1). Source:
author.

A comparison between the maps reveals that, over the years, a growing number of mu-

nicipalities fell into the upper outlier category. These are predominantly concentrated in

the central region of the Brazilian Legal Amazon – that intersects with the arc of defor-

estation –, indicating that forest clearings have become increasingly intense in this area.
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5.2.2 Cluster Map and Moran’s Index Evolution

To complement the Box Maps, LISA (Local Indicators of Spatial Association) Cluster

Maps were produced based on the local Moran’s I statistic calculated. These maps iden-

tify spatial clusters of municipalities that exhibit similar deforestation patterns ¬– either

high or low – relative to their neighbors. Each municipality is classified into categories

such as High-High (areas with high forest clearings surrounded by high values), Low-Low

(low surrounded by low), High-Low and Low-High – the last two revealing local pockets

of spatial dependence that the global Moran’s I may not fully capture. Only the munici-

palities highlighted exhibit statistically significant local spatial autocorrelation at the 95%

confidence level (see appendix G).

2009 (Global Moran’s I = 0.462) 2016 (Global Moran’s I = 0.580)
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2022 (Global Moran’s I = 0.534)

Figure 5.6: Cluster Maps of Deforestation for 2009, 2016, and 2022.

Note. White polygons denote municipalities not evaluated in the analysis (same as Figure 3.1).
Source: author.

Since 2009, municipalities displayed high levels of spatial autocorrelation (0.462 in

2009, 0.580 in 2016 and 0.534 in 2022). Over time, High-High clusters have emerged

along the central and western portions of the Brazilian Legal Amazon, while Low-Low

clusters have persisted in the eastern and northwestern areas. This configuration suggests a

growing spatial polarization between deforestation-intensive and forest-conserving zones,

highlighting the persistence of regional inequalities in land-use pressures.

When comparing a cumulative CNP transfer map with the LISA cluster maps, no sys-

tematic spatial overlap emerges between municipalities receiving CNP resources and those

classified as high-high or low-low forest loss clusters. Notably, the high-high clusters are

concentrated along the arc of deforestation, whereas CNP-funded municipalities lie largely

outside this frontier zone.

This indicates that CNP transfers are not geographically directed towards areas where

spatial dependence in deforestation is most pronounced – with the exception of the low-
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low cluster in Amapá state. Thus, although spatial processes appear to play a substantial

role in shaping forest loss dynamics across the Brazilian Amazon, the Calha Norte Pro-

gram operates mainly outside these spatially dependent patterns of forest loss (see Figure

5.7).
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(a) (b) (c)

(d) (e) (f)

Figure 5.7: Spatial comparison of: (a–c) cluster evolution (Moran’s I), (d) accumulated Calha Norte transfers, (e)
accumulated share of municipal area deforested, and (f) the arc of deforestation as identified in the literature.

Note. The arc of deforestation map is based on Jesus, Oliveira Neto, and Silva (2022, 136, fig. 2).
Source: author.
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(a) Accumulated Calha Norte transfers for 2009–2022. CNP transfers in Brazilian Reais. Green

polygons denote municipalities not evaluated in the analysis (same as Figure 3.1).

(b) Accumulated share of municipal area deforested for 2009–2022. Incremental deforestation in

square kilometers. Green polygons denote municipalities not evaluated in the analysis (same as

Figure 3.1).

Figure 5.8: Spatial distribution of accumulated Calha Norte transfers and accumulated
deforestation (2009–2022).

Source: author.39



Chapter 6

IMPLICATIONS AND DISCUSSION

Although the literature consistently suggests that infrastructure development tend to

increase tropical deforestation, such mechanisms were not observed in this analysis. The

hypothesis exposed in section 3 was grounded in a well-documented association: Infras-

tructure projects often facilitate access to previously remote areas, thereby intensifying

land clearing and settlement expansion through a mutually reinforcing manner. However,

the results suggest that the type of infrastructure financed by the Calha Norte Project don’t

produce this classic “frontier-opening” effect.

Two main interpretations are possible: first, the null hypothesis may in fact hold, im-

plying that CNP transfers exert no direct influence on forest loss dynamics; second, the

data employed in the main model may be insufficiently sensitive to capture the underlying

mechanisms through which such effects could occur.

On the one hand, a plausible explanation for this pattern lies in the localized and small-

scale nature of the interventions promoted by the CNP, which may lack the critical mass

required to reshape broader land-use dynamics.

On the other hand, although spatial processes appear to hold substantial explanatory

power over deforestation dynamics in the Brazilian Amazon, the Calha Norte Program

seems to operate largely outside these spatially dependent patterns of forest loss. Because

the arc of deforestation exhibits the strongest spatial explanatory power over forest loss in

the Brazilian Amazon, as shown in Section 5.2, political and institutional factors specific

to this frontier could be considered to fully understand forest loss in the region – even
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when economic variables such as agricultural and cattle-related drivers are statistically

controlled for.

Both possibilities raise fundamental questions about the extent to which state-led in-

frastructure policies in remote areas can meaningfully influence land-use change. In par-

ticular, they highlight the limitations of attributing deforestation outcomes to infrastructure

alone, and underscore the need to consider how the scale, scope, and interaction of such

investments with broader regional dynamics shape environmental impacts.

Viewed jointly, empirical findings contribute to a growing body of research that chal-

lenges deterministic accounts of the relationship between infrastructure and forest loss in

tropical forest regions. Understanding these interactions is essential for designing pub-

lic policies that reconcile development objectives with environmental conservation in the

Brazilian Legal Amazon.
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Chapter 7

LIMITATIONS AND FUTURE RESEARCH PATHS

This study measures infrastructure development indirectly through Calha Norte Project

transfers, operationalized as a binary variable indicating whether a municipality received

transfers. While this approach captures the presence or absence of CNP support, it offers

limited granularity regarding the scale and type of the works financed. Future research

could refine this measure by drawing on detailed administrative records from the Brazilian

government’s transfer database, which specifies the nature and size of each project. Such

data would allow scholars to evaluate whether different categories of infrastructure (e.g.

electrification, sanitation, public buildings) have heterogeneous environmental effects.

A second limitation concerns the treatment of spatial spillovers. Although the main

model estimates the average treatment effect, it does not account for potential spatial

spillovers. As shown in Section 5.2, forest loss exhibits positive and increasing spatial

dependence over time – an aspect not captured by the main estimator. The Moran’s I

statistics is high across all three periods, with progressively lower p-values, indicating a

strengthening of spatial dependence.

This suggests that municipalities have become increasingly likely to replicate the de-

forestation behavior of their neighbors. In this sense, spatial dynamics are a crucial ex-

planatory dimension for understanding vegetation clearing in the region. Future research

should employ spatial econometric techniques to explicitly model these inter-dependencies

and evaluate the extent to which infrastructure provision interacts with spatial diffusion

patterns.
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It is important to acknowledge that this study did not seek to explain why CNP transfers

seldom overlap with high-deforestation municipalities. Nevertheless, this pattern raises

important questions. One possibility is that large agricultural producers operating within

the Arc of Deforestation derive greater advantages from limited state presence, which

preserves the institutional and territorial conditions needed to extend their activities over

landholdings. If this is the case, the political capacity of these actors becomes a critical

factor in understanding the allocation of CNP resources.

Under such circumstances, the absence of measurable program effects may reflect not

the modest scale of the infrastructure investments themselves, but rather the ability of

influential agricultural interests to block, redirect, or otherwise shape state interventions

that could restrict their operations or alter prevailing land-use dynamics.

Addressing these questions will require closer attention to the political economy un-

derlying CNP transfers. Examining congressional debates, political speeches, budget ne-

gotiations, and lobbying efforts of local groups may shed light on the motivations be-

hind project allocation – especially given the program’s opaque selection criteria and the

likelihood that political bargaining, rather than environmental or developmental priorities,

shapes the distribution of funds. A deeper investigation into these institutional and politi-

cal mechanisms could provide valuable insights into the results observed in this study and

contribute to a more comprehensive understanding of state-led infrastructure provision in

frontier regions.
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Appendix A

Exploratory analysis of covariates

This appendix presents an exploratory analysis of the covariates over time. The pur-
pose of this exercise is to verify whether these variables exhibit substantive temporal vari-
ation, which would justify including them in the empirical specification. Since the main
difference-in-differences strategy relies on first-differences and time-invariant covariates,
variables with meaningful variation over time may play a key role in improving model
precision and balance. Deforestation and CNP transfers were also analyzed

A.1 GDP per capita

Figure A.1: Evolution of mean and dis-
persion over time.

Source: author.

Figure A.2: Yearly relative growth.
Source: author.
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A.2 Cattle Herd

Figure A.3: Evolution of mean and dis-
persion over time.

Source: author.

Figure A.4: Yearly relative growth.
Source: author.

A.3 Forest Coverage

Figure A.5: Evolution of mean and dis-
persion over time.

Source: author.

Figure A.6: Yearly relative growth.
Source: author.
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A.4 Forestry

Figure A.7: Evolution of mean and dis-
persion over time.

Source: author.

Figure A.8: Distribution across treated
and control municipalities.

Source: author.

A.5 Percentage of municipal area as Indigenous Territory

Figure A.9: Evolution of mean and dis-
persion over time.

Source: author.

Figure A.10: Yearly relative growth.
Source: author.
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A.6 Percentage of municipal area as Conservation Units

Figure A.11: Evolution of mean and dis-
persion over time.

Source: author.

Figure A.12: Yearly relative growth.
Source: author.

A.7 Mining

Figure A.13: Evolution of mean and dis-
persion over time.

Source: author.

Figure A.14: Yearly relative growth.
Source: author.
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A.8 Agriculture

Figure A.15: Evolution of mean and dis-
persion over time.

Source: author.

Figure A.16: Yearly relative growth.
Source: author.

A.9 CNP transfers

Figure A.17: Evolution of mean and dis-
persion over time.

Source: author.

Figure A.18: Yearly relative growth.
Source: author.
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A.10 Deforestation

Figure A.19: Evolution of mean and dis-
persion over time.

Source: author.

Figure A.20: Yearly relative growth.
Source: author.

56



Appendix B

Covariate Balance Diagnostics

This appendix reports the standardized differences in pre-treatment covariates between
treated and control municipalities across four pre-treatment periods (t�4 to t�1) and the
treatment year (t0). Lower absolute values indicate improved covariate balance. Credible
adjustment for confounding and adherence to the parallel trends assumption typically re-
quire that standardized differences for each covariate and time period remain below 0.2
standard deviations, although in some applications, stricter thresholds may be preferable.
This chapter is divided in four subsections: (i) variable description; (ii) covariate balance
without mining and forestry; (iii) covariate balance with mining and forestry added; and
(iv) additional diagnostics.

B.1 Variable Descriptions

• PIB pc: GDP per capita in thousand Brazilian reais.

• BOVINO: Number of cattle heads.

• AGRICULTURA: Agriculture revenues in thousand Brazilian reais.

• PCT FLORESTA: Percentage of municipal area as forest (km²).

• UC: Percentage of municipal area as conservation units (km²).

• TI PCT: Percentage of municipal area as regularized Indigenous Lands (km²).
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B.2 Covariate Balance without Mining and Forestry

B.2.1 Weighting Methods

B.2.1.1 CBPS Weighting

Time PIB pc BOVINO AGRICULTURA PCT FLORESTA UC PCT TI PCT

t�4 0.157 0.142 0.066 �0:268 �0:139 �0:050

t�3 0.169 0.150 0.079 �0:261 �0:137 �0:060

t�2 0.118 0.143 0.061 �0:256 �0:132 �0:063

t�1 0.103 0.138 0.063 �0:253 �0:128 �0:065

t0 0.028 0.140 0.056 �0:249 �0:128 �0:069

Table B.1: Standardized differences of covariates after CBPS weighting.

Source: author.

B.2.1.2 Propensity Score Weighting

Time PIB pc BOVINO AGRICULTURA PCT FLORESTA UC PCT TI PCT

t�4 0.143 0.119 0.066 �0:265 �0:135 �0:059

t�3 0.154 0.128 0.079 �0:258 �0:133 �0:070

t�2 0.093 0.120 0.060 �0:254 �0:128 �0:073

t�1 0.073 0.115 0.063 �0:251 �0:125 �0:075

t0 �0:021 0.117 0.055 �0:247 �0:125 �0:078

Table B.2: Standardized differences of covariates after Propensity Score weighting.

Source: author.
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Figure B.1: Scatter plot of standardized differences across covariates.

Source: author.
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Figure B.2: Propensity Score weighting
— Pre-refinement.

Source: author.

Figure B.3: Propensity Score weighting
— Post-refinement.

Source: author.

Figure B.4: CBPS weighting — Pre-
refinement.

Source: author.

Figure B.5: CBPS weighting — Post-
refinement.

Source: author.
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B.2.2 Matching Methods

B.2.2.1 Mahalanobis Distance Matching

Time PIB pc BOVINO AGRICULTURA PCT FLORESTA UC PCT TI PCT

t�4 0.151 0.190 0.052 �0:155 �0:019 0.092

t�3 0.160 0.199 0.058 �0:149 �0:017 0.082

t�2 0.145 0.200 0.048 �0:145 �0:013 0.082

t�1 0.149 0.195 0.047 �0:144 �0:014 0.081

t0 0.149 0.195 0.050 �0:141 �0:019 0.079

Table B.3: Standardized differences of covariates after Mahalanobis distance matching1.

Source: author.

B.2.2.2 Propensity Score Matching

Time PIB pc BOVINO AGRICULTURA PCT FLORESTA UC PCT TI PCT

t�4 0.189 0.115 0.086 �0:182 �0:162 0.038

t�3 0.204 0.128 0.092 �0:175 �0:159 0.031

t�2 0.156 0.122 0.070 �0:170 �0:154 0.030

t�1 0.144 0.116 0.075 �0:167 �0:151 0.028

t0 0.137 0.118 0.083 �0:164 �0:154 0.026

Table B.4: Standardized differences of covariates after Propensity Score matching1.

Source: author.

1Matching performed with size.match = 5, i.e., five control units matched to each treated unit.
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Figure B.6: Scatter plot of standardized differences using matching methods.

Source: author.
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Figure B.7: Propensity Score matching
— Pre-refinement.

Source: author.

Figure B.8: Propensity Score matching
— Post-refinement.

Source: author.

Figure B.9: Mahalanobis distance —
Pre-refinement.

Source: author.

Figure B.10: Mahalanobis distance —
Post-refinement.

Source: author.
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B.3 Covariate Balance with Mining and Forestry Added

Unlike previous specifications, these balance diagnostics also include two additional
covariates: AREA MINERACAO (mining area, in km²) and SILVICULTURA (forestry
revenues, in thousand Brazilian reais).

B.3.1 Weighting Methods

B.3.1.1 CBPS Weighting

Time PIB pc AREA MIN. SILVIC. BOVINO AGRIC. PCT FLORESTA UC PCT TI PCT

t�4 0.172 0.445 0.272 0.149 0.075 �0:254 �0:145 �0:034

t�3 0.184 0.446 0.338 0.157 0.085 �0:247 �0:143 �0:035

t�2 0.130 0.444 0.338 0.151 0.066 �0:242 �0:138 �0:037

t�1 0.114 0.442 0.266 0.146 0.070 �0:239 �0:135 �0:038

t0 0.045 0.438 0.314 0.146 0.065 �0:235 �0:135 �0:040

Table B.5: Standardized differences of covariates after CBPS weighting (mining and
forestry included).

Source: author.
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B.3.1.2 Propensity Score Weighting

Time PIB pc AREA MIN. SILVIC. BOVINO AGRIC. PCT FLORESTA UC PCT TI PCT

t�4 0.159 0.438 0.269 0.139 0.074 �0:250 �0:137 �0:042

t�3 0.169 0.438 0.337 0.147 0.084 �0:243 �0:135 �0:043

t�2 0.106 0.436 0.337 0.140 0.064 �0:238 �0:130 �0:045

t�1 0.084 0.434 0.265 0.135 0.068 �0:235 �0:127 �0:046

t0 �0:001 0.430 0.313 0.136 0.063 �0:231 �0:127 �0:049

Table B.6: Standardized differences of covariates after Propensity Score weighting (min-
ing and forestry included).

Source: author.
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Figure B.11: Overall weighting balance with mining and forestry added.

Source: author.
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B.3.2 Matching Methods

B.3.2.1 Mahalanobis Distance Matching

Time PIB pc AREA MIN. SILVIC. BOVINO AGRIC. PCT FLORESTA UC PCT TI PCT

t�4 0.182 0.261 0.270 0.211 0.058 �0:137 0.011 0.110

t�3 0.191 0.251 0.314 0.220 0.067 �0:131 0.013 0.102

t�2 0.180 0.241 0.246 0.219 0.056 �0:126 0.017 0.101

t�1 0.185 0.229 0.276 0.216 0.054 �0:124 0.018 0.101

t0 0.182 0.218 0.294 0.215 0.060 �0:120 0.015 0.099

Table B.7: Standardized differences of covariates after Mahalanobis distance matching
(mining and forestry included).

Source: author.

B.3.2.2 Propensity Score Matching

Time PIB pc AREA MIN. SILVIC. BOVINO AGRIC. PCT FLORESTA UC PCT TI PCT

t�4 0.186 0.165 0.070 0.095 0.072 �0:170 �0:130 0.007

t�3 0.196 0.156 0.221 0.100 0.081 �0:163 �0:126 0.004

t�2 0.159 0.145 0.199 0.090 0.065 �0:158 �0:121 0.003

t�1 0.154 0.131 0.215 0.084 0.066 �0:155 �0:118 0.002

t0 0.143 0.115 0.268 0.086 0.070 �0:150 �0:121 0.000

Table B.8: Standardized differences of covariates after Propensity Score matching (mining
and forestry included).

Source: author.

1Matching performed with size.match = 5, i.e., five control units matched to each treated unit.
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Figure B.12: Overall matching balance with mining and forestry added.

Source: author.

68



Appendix C

Subsample Analysis

This appendix reports the robustness checks conducted through subsample analyses.
Specifically, the average treatment effects on the treated (ATT) are re-estimated using
bootstrap procedures for two restricted samples: (1) municipalities that present positive
values for mining activity, and (2) municipalities with positive values for forestry activity.
The purpose is to assess whether the estimated impacts of the Calha Norte Project remain
consistent when focusing exclusively on municipalities where these economic activities
are present. Overall, the results confirm the stability of the estimated treatment effects of
the original model (no statistical relevance for a 0.95 confidence interval), suggesting that
the exclusion of municipalities without extractive or forestry activity does not substantially
alter the main conclusions of this study.

Figure C.1: Bootstrap distribution of the ATT
– Subsample with positive mining values.

Source: author.
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Figure C.2: Bootstrap distribution of the ATT
– Subsample with positive forestry values.

Source: author.
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Appendix D

ATT and Placebo Tests for L = 4 and varying F values from 2 to 4

This appendix further develops section 5 discussion as it presents the estimated Aver-
age Treatment Effects on the Treated (ATT) and the standard errors calculated when L=4
but F changes from its main specification (2) to 4.

Time Estimate Std. Error 2.5% CI 97.5% CI

t + 0 �0:845 1:168 �3:337 1:299

t + 1 �0:337 1:450 �3:323 2:400

t + 2 1:014 2:454 �3:408 5:631

Table D.1: Bootstrap estimates of ATT with 95% confidence intervals for L = 4 and F = 2.

Source. author.

71



Time Estimate Std. Error 2.5% CI 97.5% CI

t + 0 0:748 1:113 �1:541 2:878

t + 1 2:372 1:375 �0:274 5:045

t + 2 �0:688 2:397 �5:661 3:549

t + 3 �0:970 3:705 �8:742 5:494

t + 4 �0:456 4:058 �8:667 6:953

Table D.2: Bootstrap estimates of ATT with 95% confidence intervals (L = 4, F = 4).

Source. author.
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