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Abstract: Reforestation is widely promoted as a nature-based solution for climate change,
yet its unintended consequences, such as deforestation leakage, remain under-investigated.
This study provides empirical evidence of reforestation-induced leakage in the Brazilian
Amazon, using municipality-level panel data from 2000 to 2023 and spatial Durbin panel
models to estimate both the magnitude and spatial reach of agricultural displacement. De-
spite the positive local effects of reforestation projects, we found a significant displacement
of deforestation to the vicinity of municipalities. We estimated a statistically significant
deforestation leakage effect of approximately 12% from the reforested area, due to the
agricultural displacement of cattle ranching activities. Spatial spillovers are strongest
within a 150 km radius and within two years after reforestation onset. Sensitivity tests
using alternative spatial weight matrices, including distance decay and land rent-weighted
specifications, confirm the robustness of these findings. Livestock intensification, proxied
by cattle stocking rates, does not significantly mitigate displacement effects, challenging
assumptions about land sparing benefits. These results suggest that current carbon market
protocols (e.g., Verra, ART-TREES) may improve their leakage analysis to avoid under- or
over-estimating net carbon benefits. Incorporating spatial econometric evidence into offset
methodologies and reforestation planning can improve climate policy integrity and reduce
unintended environmental trade-offs.

Keywords: reforestation; deforestation leakage; indirect land-use change (iLUC); spatial
econometrics; land spillovers; agricultural displacement; land-use competition

1. Introduction
Reforestation is increasingly recognized as a key nature-based solution for mit-

igating climate change, as it sequesters carbon, restores ecosystems, and enhances
biodiversity [1–4]. Global efforts to scale up reforestation initiatives are accelerating, partic-
ularly in tropical regions such as Brazil, where vast carbon sequestration potential exists [5].
These projects are often integrated into voluntary carbon markets, where companies and
governments invest in afforestation and reforestation as a means to offset their emissions.
However, while reforestation contributes to climate change mitigation, it may also trigger
unintended consequences, notably deforestation leakage, i.e., the displacement of agricul-
tural activities to other areas, leading to new deforestation elsewhere [6]. Thus, the efforts to
increase carbon sequestration in one place may cause increased carbon emissions in another
place. This phenomenon challenges the net climate benefits of reforestation and raises fun-
damental questions about the effectiveness of carbon market-based reforestation strategies.

Deforestation leakage has been widely studied in the context of REDD+ (Reducing
Emissions from Deforestation and Forest Degradation) programs, where conservation
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initiatives may push land-use pressures into unprotected areas [7]. However, there is limited
empirical evidence on whether reforestation projects aimed at expanding forest cover for
commercial forestry or ecological restoration lead to similar displacement effects. This
knowledge gap is particularly concerning as global tree-planting commitments continue
to accelerate under initiatives like the Bonn Challenge, the New York Declaration on
Forests, and Initiative 20 × 20 [4]. Unlike REDD+, which primarily targets standing
forests, reforestation projects repurpose land previously used for agriculture, thereby
introducing direct land-use competition with farming and livestock activities [8,9]. This
fundamental difference suggests that distinct mechanisms may drive leakage effects from
reforestation, particularly related to land rents and agricultural productivity differentials
across regions [10,11]. Moreover, the increasing reliance on carbon market standards
such as Verra and ART-TREES, which use simplified leakage factors or spatial buffers,
raises concerns about underestimating displacement risks in afforestation-based offset
projects [12,13]. These methodological shortcomings in carbon accounting protocols could
significantly undermine the climate benefits of nature-based solutions if leakage effects
remain insufficiently addressed [13,14].

The land spillovers caused by large-scale reforestation, e.g., deforestation leakage,
remain an open debate. One hypothesis suggests that livestock intensification, i.e., a process
of increasing productivity per hectare, could mitigate leakage by reducing the total land
required for agricultural production [15]. Proponents argue that if farmers increase stocking
rates and improve pasture management, they can maintain or even enhance output without
expanding into new forested areas. However, others contend that intensification can induce
a rebound effect, whereby higher productivity and profitability incentivize further agri-
cultural expansion, exacerbating deforestation elsewhere [16,17]. Understanding whether
intensification serves as a leakage mitigation strategy or an unintended accelerator of land
displacement is critical for designing effective reforestation policies. Similarly, strategies to
reduce competition with agriculture and livestock activities include land-use planning, by
prioritizing reforestation in degraded and low-productivity areas [18].

These risks are especially salient in developing countries, such as Brazil, where re-
forestation is promoted through both public programs (e.g., the rural credit and Brazil’s
Nationally Determined Contributions) and private sector initiatives. In Brazil, national
legal frameworks such as the Forest Code and the rural environmental registry (also known
as CAR) regulate and monitor land use and compliance obligations but lack instruments
to account for deforestation leakage risks. This lack of instruments may harm the recent
climate and conservation policies targeting carbon markets, such as the Brazilian Green-
house Gas Emissions Trading System (Law 15.042 of 2024). Furthermore, despite these
evolving rules and opportunities, there is incipient research with robust spatial evidences
on whether reforestation in one location leads to compensatory deforestation elsewhere;
this potentially undermines the climate integrity of carbon sequestration commitments.
Addressing this evidence gap is essential to ensure that reforestation contributes to net
climate mitigation rather than the spatial redistribution of emissions.

In this study, we provide the empirical quantification of reforestation-induced defor-
estation leakage in Brazilian Amazon, where large-scale reforestation efforts are underway
as part of global carbon offset initiatives. We applied spatial econometric models to assess
whether reforestation leads to the displacement of deforestation and how this leakage
propagates across space. Specifically, we pose two hypotheses: (H1) the expansion of
forest plantations induces statistically significant deforestation leakage in surrounding
municipalities and (H2) livestock intensification moderates leakage effects by reducing
the land required for production. This study aims to (i) quantify the magnitude of de-
forestation leakage from reforestation efforts in the Brazilian Amazon; (ii) examine how
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far and how persistently leakage effects propagate across space (i.e., does agricultural
displacement occur locally, or does it propagate across distant regions?); and (iii) assess
whether productivity gains in livestock systems mitigate or exacerbate these spillovers.
Since the fundamental mechanism driving leakage is agricultural displacement, we use for-
est plantation land cover as a proxy to estimate reforestation-induced spillovers. Therefore,
in this study, we use the terms “reforestation” and “forest plantation” interchangeably to
refer to the conversion of agricultural land into tree-based cover, whether for ecological
restoration or commercial forestry.

Our analysis did not consider natural regeneration processes and focused on the
displacement effects of reducing agricultural land to planted forests. Using a spatial
Durbin panel model (SDM), we analyzed land spillovers caused by forest plantation across
multiple years and municipalities. By providing a robust, data-driven assessment of
deforestation leakage caused by forest plantation, this study bridges a critical knowledge
gap and offers actionable insights for policymakers, land managers, and carbon market
stakeholders. In doing so, it contributes to the broader discussion on how to design
reforestation projects that maximize carbon sequestration without inadvertently shifting
environmental burdens elsewhere.

2. Background and Conceptual Framework
2.1. Policy Context

Brazil is the sixth largest emitter of GHGs, and its primary source of emissions is
deforestation [19], mainly in the Amazon biome. For this reason, conserving and restoring
forest cover remains one of the most critical factors for climate mitigation in this biome,
being essential as carbon sinks, particularly in the context of nature-based solutions. In
Brazil, reforestation and afforestation efforts are shaped by a combination of legal man-
dates and incentive-based programs. The Forest Code (Law 12.651/2012) requires rural
landowners to maintain or restore a percentage of native vegetation, ranging from 20% to
80% depending on the biome. In parallel, the government’s Low-Carbon Agriculture Plan
(Plano ABC) supports reforestation through credit lines and technical assistance. These
domestic policies are embedded within international climate commitments, particularly
Brazil’s Nationally Determined Contributions (NDCs) under the Paris Agreement, which
pledge to reforest 12 million hectares by 2030. Furthermore, the Brazilian government re-
cently approved a Greenhouse Gas Emissions Trading System (Law 15.042 of 2024), which
has incentivized multiple projects of carbon sequestration in agribusinesses and forest
conservation. A few forestry companies in Brazil have benefited from carbon credits, e.g.,
Suzano, and there are emerging reforestation startups (e.g., Mombak, ReGreen, Biomas).
Thus, voluntary carbon markets (e.g., Verra, ART-TREES) have become a growing source
of finance for reforestation, even though their approaches to leakage accounting remain
underdeveloped [12].

Current policy debate to mitigate leakage in conservation projects includes integrated
land-use planning (e.g., zoning areas to specific agricultural activities) and jurisdictional
approaches to conservation and enforcement activities [20]. In the private sector, the soy
moratorium and monitoring of beef suppliers also attempt to avoid leakage caused by the
restriction of land change and agricultural activities [21,22], however, with limited success.
For reforestation efforts, implementing land zoning regulations to avoid high-deforestation-
risk areas, could mitigate unintended expansion into sensitive biomes, but this regulation
does not exist. Additionally, voluntary markets have been discussing the improvement of
monitoring frameworks with high-resolution remote sensing data and new protocols to
enhance leakage detection and accountability in carbon offset programs [23].
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The presence of leakage has significant implications for carbon market integrity, as well
as the efficacy of NDCs and other large-scale reforestation efforts. Many voluntary carbon
crediting standards, such as Verra and ART-TREES, rely on simplified methodologies that
may not fully account for spatial spillovers and land-use feedback loops [24]. As a result,
the net sequestration potential of reforestation projects may be overestimated, leading to
inflated carbon offset claims. Several studies call for more rigorous spatial econometric
approaches to better quantify leakage effects and improve the credibility of carbon finance
mechanisms [12,25].

Area of Study: Brazilian Amazon

The Brazilian Amazon, home to the world’s largest tropical rainforest, is a key region
for both carbon sequestration and agricultural expansion. While conservation efforts have
sought to curb deforestation, land-use pressures persist, particularly due to cattle ranching,
which accounts for nearly 80% of deforested land [26]. With over 60 million hectares of
pastureland in the region (MapBiomas Project [27]), any reduction in available land due
to reforestation projects risks displacing ranching activities elsewhere, potentially causing
deforestation leakage. Forest plantations are 630 thousand hectares within the states of the
Brazilian Amazon (Figure 1), and 8 million hectares in the other Brazilian states.

Pastureland is the dominant land-use category affected by reforestation because cattle
ranching is highly mobile and responsive to land competition. Unlike mechanized agricul-
ture, which requires specific soil and infrastructure, ranching can shift rapidly into newly
cleared forested areas, making it a major driver of indirect land-use change (ILUC) [11].
This pattern is evident in Pará, Mato Grosso, and Rondônia, which together accounted
for over 70% of new deforestation in the Brazilian Amazon in 2021 [26]. Focusing on
pastureland displacement provides critical insights into the economic and spatial spillovers
of reforestation policies. Given that voluntary carbon markets often overlook cattle dis-
placement effects, understanding where and how ranching activities relocate when land is
reforested is essential for ensuring the integrity of carbon offset projects and preventing
unintended deforestation elsewhere [24].

Figure 1. Legal Brazilian Amazon.
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2.2. Conceptualizing Agricultural Displacement and Deforestation Leakage

Reforestation and afforestation are widely promoted as nature-based solutions for
mitigating climate change, with global initiatives increasingly integrating them into carbon
offset markets [1,28]. Reforestation refers to the restoration of tree cover on land that was
previously forested but has been cleared or degraded, whereas afforestation involves estab-
lishing tree cover on land that was not historically forested. While both processes contribute
to increasing forest area, they differ in ecological and policy implications, particularly in
carbon markets where additionality and land-use history play critical roles [4]. This study
focuses on both types under the common mechanism of reducing agricultural land for
tree-based land uses—whether for commercial or ecological purposes.

Reforestation strategies aim to enhance carbon sequestration, restore ecosystems, and
contribute to biodiversity conservation [29]. However, while these interventions yield
environmental benefits, they can also trigger unintended land-use changes, particularly
through deforestation leakage, which displaces agricultural expansion and land clearing
elsewhere [30]. Understanding the drivers and mechanisms of this process is critical to
assessing the net environmental impact of reforestation programs and ensuring that climate
mitigation efforts do not exacerbate land scarcity, food insecurity, or global deforestation.
Structured reforestation efforts, whether for commercial forestry or ecological restoration,
alter land availability and create economic incentives that may displace agricultural activi-
ties. Unlike passive regeneration or land abandonment, which may occur without direct
investment, forest plantations require capital inputs, infrastructure, and land conversion
decisions, all of which can amplify leakage risks.

The concept of deforestation leakage has been extensively studied in the context of
REDD+ (Reducing Emissions from Deforestation and Forest Degradation) and agricultural
land-use change [20,31]. The core concern is that restricting deforestation or expanding
forest cover in one location does not eliminate the underlying pressures driving land con-
version. Instead, these pressures often shift spatially as land users adapt to new constraints,
leading to agricultural displacement and continued deforestation elsewhere [6,8]. Leakage
can occur through multiple mechanisms, each driven by distinct economic and ecological
forces. First is the direct displacement: when reforestation projects are established on
previously agricultural land, farmers and ranchers may relocate their activities, clearing
new forested areas to maintain production. This is particularly relevant in regions where
land-use competition is high, such as the Brazilian Amazon, where pastureland often
serves as the primary expansion frontier for both crops and livestock [32,33]. However, the
Amazon also contains vast areas of degraded, low-productivity lands that are no longer
suitable for commercial agriculture or extensive cattle ranching. Estimates suggest that
over 15–20 million hectares of degraded land exist in the region, with low economic returns
making them unlikely candidates for future agricultural expansion [34].

Second, market forces can mediate the agricultural displacement. For instance, large-
scale reforestation may reduce available agricultural land, then increase land scarcity,
and raise local commodity prices (e.g., beef or calf supply), incentivizing expansion into
other forested regions. This effect is often amplified in globalized markets where demand
for agricultural commodities, such as soy, beef, and palm oil, drives extensive land-use
change [14,35]. Economic modeling studies on indirect land-use change (ILUC) demon-
strate that even marginal shifts in land supply can trigger widespread deforestation across
different regions or countries [36]. For instance, we consider leakage in this study the
subnational spatial displacement of land-use activities, particularly when forest plantations
displace cattle ranching or farming into neighboring areas.
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Finally, land-use displacement can also occur across national borders through “tele-
coupling” effects, where reforestation reduces local production and increases reliance on
imports—potentially driving deforestation abroad [37,38]. While these leakage pathways
pose challenges to the effectiveness of reforestation policies, the extent and intensity of dis-
placement vary depending on land-use governance, economic incentives, and agricultural
productivity trends. Some studies argue that intensification strategies, such as improved
livestock management or higher crop yields, can mitigate leakage effects by maintaining
production on smaller land footprints [16,17]. However, others caution that intensification
can create rebound effects, where higher-productivity fuels further expansion rather than
reduce total land demand [33,39]. This underscores the importance of integrating spatially
explicit leakage assessments into reforestation initiatives, rather than relying solely on
economic or sectoral averages.

2.3. Modeling the Leakage Rationale

Prior studies have employed causal inference approaches to assess deforestation leak-
age effects, each with distinct strengths and limitations. Difference-in-Difference (DiD)
approaches [40] offer strong causal inference but typically fail to capture spatial interdepen-
dencies crucial for leakage estimation. Propensity Score Matching (PSM) techniques [10]
address selection bias in conservation program placement but cannot account for unob-
servable factors driving leakage. Fixed effects panel models [41] control for time-invariant
heterogeneity but often neglect spatial interactions. Recent analyses by Moffette and
Gibbs [21] employed instrumental variable approaches to examine agricultural displace-
ment and deforestation leakage, while Richards et al. [11] utilized input–output economic
models to capture indirect land-use effects—both adding valuable methodological diver-
sity but facing challenges in quantifying spatial spillover dynamics. Spatial lag and error
models [42] incorporate some spatial relationships but are more restrictive than the SDM,
lacking the comprehensive decomposition of spatial effects. Synthetic control methods [43]
offer an alternative for aggregate-level analysis but become unwieldy with multiple treated
units. While these approaches have contributed valuable insights to deforestation displace-
ment analysis, they generally suffer from an inability to simultaneously model both direct
and indirect effects across space and time, which the SDM panel approach specifically
addresses [44,45].

Following the literature, the Spatial Durbin Panel Model (SDM) is the best option
for estimating reforestation-induced deforestation leakage due to its superior capacity
to decompose spatial spillover effects into direct and indirect components [44]. Unlike
conventional panel approaches, which fail to capture spatial interactions, or simpler spatial
models that only account for spatially lagged dependent variables, the SDM incorporates
both endogenous and exogenous spatial interactions, providing comprehensive estimation
of displacement effects [45]. This feature is particularly critical for accurately quantifying
leakage, as it allows for tracking how conservation policies in one location may displace
deforestation activities to neighboring areas [46]. Furthermore, the combination of the SDM
with panel data addresses potential omitted variable bias that could arise from spatially
correlated variables influencing both reforestation decisions and subsequent deforestation
patterns [47], thereby generating more reliable estimates of the true environmental impact
of conservation interventions.

3. Materials and Methods
3.1. Dataset

We employed a municipality-level panel data analysis for the period of 2000–2023
to assess deforestation leakage caused by forest plantation, its geographic sensitivity, and
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the role of livestock intensification in mitigating spillovers. The panel data approach al-
lowed for the estimation of both temporal persistence in deforestation and spatial spillover
effects. The dataset integrates land-use, economic, climatic, and spatial data, enabling a
rigorous econometric analysis of deforestation leakage and the role of livestock intensifica-
tion. Following the literature in Land System Science and land change modeling [48,49],
we included multiple independent variables to capture the drivers of vegetation loss,
from proximate direct causes to underlying contextual controlling variables. This controls
for confounding factors, including infrastructure expansion (proxy: population density),
commodity price shocks (agricultural GDP and beef price deflated), and environmental
enforcement (embargoed area due to illegal deforestation). By incorporating these con-
trols, we isolate the specific contribution of reforestation to land-use displacement while
accounting for broader economic and policy influences. See summary of variables in
Table 1.

Table 1. Description of variables.

Variable Description Source

Total native vegetation area Hectares of native vegetation (forest
and savanna land cover) MapBiomas [27]

Annual native vegetation loss Ratio of annual vegetation loss (%)
relative to the year 2000 MapBiomas [27]

Forest plantation area Area of forest plantation, in hectares MapBiomas [27]

Stocking rate for cattle Number of cattle per hectare
of pastureland IBGE [50] & MapBiomas [27]

Land rent (BRL/ha) by municipality Annual agricultural profit, adjusted
for inflation * IBGE [50]

Municipal Gross Domestic Product of
agricultural activities

Agricultural GDP per capita (BRL),
adjusted for inflation * IBGE [51]

Precipitation Total annual precipitation (mm) at
the municipal level CHIRPS [52]

Temperature Average annual temperature
(Celsius) at the municipal level Copernicus Climate Center [53]

Population density (person/km2)
Total population by the area of

the municipality IBGE [54]

Environmental law enforcement Area of embargoes (km2) due to
illegal deforestation

IBAMA [55]

* Monetary values are adjusted with the Brazilian inflation index, IPCA in Portuguese, baseline year of 2023.

Each variable included in the model is grounded in theoretical and empirical relevance
to land-use change and deforestation dynamics [11,48,49]. Vegetation loss and forest
plantation area are the main land-use indicators central to measuring leakage effects. The
stocking rate is a proxy for livestock intensification, hypothesized to influence land demand
and displacement pressure. Agricultural GDP and land rent capture the economic drivers
of land conversion and opportunity cost. Population density reflects demographic pressure,
while enforcement via embargo area represents institutional capacity to constrain illegal
clearing. Finally, climate variables (precipitation, temperature) account for environmental
suitability and biophysical variation, which are known to shape both deforestation and
reforestation patterns.

We used land cover data from the MapBiomas Project [27], which provides annual
classifications derived from Landsat imagery at 30 m resolution for Brazil and other regions
of Latin America since 1985. The dataset, based on over 80,000 reference samples, reports
classification accuracy between 73% and 95% across South American biomes. For this
study, we reclassified the original 17 land cover types into five broader categories: native
vegetation, pasture, crops, water, and other (including urban, mangrove, mining, and
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unclassified areas). “Native vegetation” combines forest and non-forest natural cover;
“pasture” includes pasture, grassland, and agricultural mosaics—mostly natural pasture
per MapBiomas validation. All spatial analyses were conducted using ArcGIS and R, with
the SIRGAS 2000 coordinate reference system. Administrative boundaries for municipalities
and the legal Amazon region were sourced from the Brazilian Institute of Geography and
Statistics (IBGE).

To facilitate the interpretation of model estimators and address skewness in the data,
Inverse Hyperbolic Sine (IHS) transformations are applied to the variables in the model-
ing, including land use (e.g., forest loss, forest plantation, pasture area), agricultural, and
economic indicators (e.g., livestock, GDP), population density, law enforcement, and envi-
ronmental factors (e.g., temperature, rainfall). This approach ensures interpretability akin
to a logarithmic transformation while accommodating zero and negative values [56–58].
The IHS is calculated as

IHS(x) = ln(x +
√

x2 + 1) (1)

3.2. Empirical Modeling Approaches

For deforestation leakage caused by forest plantation (our proxy for reforestation) and
land-use change dynamics, we implemented panel data regressions with spatial weights
to capture the land spillovers. The variations in the dependent variable (vegetation loss)
across municipalities and time are modeled using pooled OLS as a baseline, then fixed
effects (FE) and first-difference (FD) models. The panel structure of the dataset allows for
controlling time-invariant unobserved heterogeneity at the municipal level, for instance,
persistent regional characteristics such as soil quality and institutional factors that may
influence deforestation. This approach ensures that the estimated effect of reforestation
on deforestation leakage is not confounded by historical land-use patterns or persistent
regional characteristics. Following the literature [44], we specify the Spatial Durbin Model
with panel data:

Yi,t = ci + γt + ρWYi,t−1 + β1WForestryi,t−1 + β2WStockRatei,t−1 + θ′Xi,t + εi,t (2)

where Yi,t is the vegetation loss rate in municipality i at time t, calculated as the ratio
of annual vegetation loss relative to the 2000 baseline. We used the total area of native
vegetation as an alternative specification to the first-difference panel model, which accounts
for annual variations in native vegetation area. ci represents the municipality fixed effects,
and γt, control for time-invariant characteristics such as topography and soil quality.
Lagged Yi,t−1 captures the persistence of deforestation over time, while WYi,t−1 is the spatial
lag of Yi,t, capturing the influence of vegetation loss in neighboring, local municipalities.
Forestry is the forest plantation (proxy of reforestation). Xi,t represents a vector with the
controlling variables, such as GDP per capita, population density, law enforcement, rainfall,
and temperature. θ is a vector of coefficients for X, ρ is the coefficient of spatial lagged Y,
and εit is the error term. In this study, we are particularly interested in β1, which estimates
deforestation leakage effects of forestry expansion on the neighboring municipality. We are
also interested in β2, accounting for possible livestock intensification mitigation effects. W
is a spatial weight matrix based on distance between municipalities, explicitly accounting
for spatial interactions between municipalities, and measuring both neighboring effects.
The construction of W and sensitivity tests are described in the following sections.
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The preferred model to present the results is the FE model, selected by several statis-
tical tests and because it controls for these unobserved characteristics, ensuring that the
estimated relationships reflect within-municipality variations over time rather than cross-
sectional differences. The Hausman test was conducted to determine whether fixed effects
or random effects provide more consistent estimates. The Breusch–Pagan Lagrange multi-
plier test assessed whether a random effects model is preferable over a pooled OLS model.

Spatial Weight Matrix Construction and Sensitivity Tests

A key component of this study involves modeling spatial dependencies using a spatial
weight matrix (W). We constructed W as a distance-based weight matrix using the inverse
distance metric between the centroids of municipalities’ agricultural land. The final matrix
had 648,025 elements in 805 × 805 municipalities within Brazilian Amazon states (Figure 1).
The spatial influence between municipalities i and j is defined as wi,j =

1
di,j

if di,j ≤ 300 km,
else, 0. di,j is a circle distance between municipalities i and j, with a threshold of 300 km.
Self-links are set to zero (i.e., wi,i = 0), and row standardization ensures comparability
across observations. We defined 300 km as the threshold because this distance aligns with
the average supply radius of slaughterhouses seeking cattle for processing, as reported
by studies on beef supply chains in the Amazon [59,60]. This assumption reflects the
spatial scale at which livestock markets operate, reinforcing the economic rationale behind
land-use spillovers in response to reforestation initiatives.

Given the importance of spatial dependence assumptions, sensitivity tests are con-
ducted by varying the distance decay parameter in the inverse-distance weight matrix.
Instead of uniform decay, we introduce a distance-decay function weighted by municipality-
level land rent. This modification incorporates the principle that land-use decisions are
shaped not only by proximity but by relative profitability, as suggested by spatial land rent
theory [48]. Following the literature [11,45], our spatial weight was defined as

wi,j = e−di,j/α × 1
rentj

(3)

where α is the distance sensitiveness factor, with values ranging from 50 km to 300 km,
and rent is the annual average gains with agricultural activities (productivity (kg/ha)
multiplied by commodity price, according to the IBGE dataset). This approach assumes
that deforestation spillover follows economic returns rather than just physical proximity,
and incorporates the economic theory that dictates land use will be (re)allocated where
land generates higher returns [11]. The annual land rent by municipality expanded the
spatial weight matrix to over 40 million elements. The impact of these modifications on
spatial dependence estimates (ρ, β) was evaluated and reported.

The estimated coefficients from our spatial panel model are interpreted as semi-
elasticities due to the IHS transformation applied to the variables. Unlike standard linear
regressions, where coefficients directly represent absolute changes, the IHS transforma-
tion means that the effect of reforestation on deforestation leakage varies depending on
the existing level of forestry in a municipality. Therefore, to estimate the impact of a
new reforestation project, we must compute the marginal effects based on the estimated
coefficients [44]. These effects account for both direct impacts within the municipality and
indirect spillovers to neighboring areas. The marginal effects (MEs) of the spillover are
derived as

∂Y
∂X

= Wβ1 ×
1√

Forestry2
mean + 1

(4)

where Forestry represents the reforestation area. Similarly, the direct marginal effect of
forest plantation (Within-Municipality Impact) is calculated without including W in the
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equation above. This ensures that the estimated impact reflects realistic changes in defor-
estation leakage considering the nonlinear nature of the IHS transformation. By computing
these marginal effects, we provide a policy-relevant measure of how much deforestation
leakage could result from reforestation expansion under carbon market mechanisms.

Figure 2 outlines the main stages of our methodological framework applied in
this study.

1. Data
Panel data variables (annual at

municipality-level) of Land use, Econ-
omy, Policy, Environmental endowment

2. Variable Prep
Control for skewness and allows
elasticity interpretation using IHS

3. Spatial Matrix
Inverse-distance matrix (300 km), land

rent-weighted to model spatial interaction

4. Panel Models
POLS, FE, FD

5. Spatial Durbin Model
Quantify spatial leakage and inten-
sification effects (spillover effects)

6. Sensitivity Tests
Assess robustness across distances

7. Interpretation
Hypotheses tested, leakage patterns

Figure 2. Overview of methodological steps for estimating spatial leakage from afforestation in the
Brazilian Amazon.

4. Results
Our empirical findings reveal strong path dependency in vegetation loss, with refor-

estation projects contributing to deforestation leakage through spatial spillovers. These
effects depend on economic factors, regional land-use dynamics, and the extent of livestock
intensification. The results indicate strong persistence, with an auto-regressive coefficient
of 0.56 in the fixed effects model (Table 2). This suggests that once deforestation occurs, it
is likely to continue rather than reversing back to forest cover. The implications are critical:
reforestation efforts must account for historical land-use patterns, as degraded areas rarely
transition back to natural vegetation without active restoration measures [61].
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Table 2. Results of the spatial panel regression estimating the impact of forest plantation expansion
on vegetation loss.

Variable OLS Fixed Effects First Differences

(Intercept) 1.2832 −0.0215
(1.2257) (0.0168)

Vegetation loss (lagged 1yr) 0.7970 *** 0.5620 *** 0.3190 ***
(0.0149) (0.0214) (0.0255)

Forestry area 0.0057 * −0.0220 ** −0.0063
(0.0032) (0.0088) (0.0164)

Stocking rate 0.0043 0.0020 −0.0305
(0.0190) (0.0396) (0.0570)

GDP per capita −0.0019 −0.0160 −0.0164 **
(0.0028) (0.0120) (0.0078)

Population density −0.0197 *** 0.0017 −0.0120
(0.0070) (0.0219) (0.0289)

Enforcement -4.8997 −1.7904 −11.2718
(4.8102) (7.2238) (6.9847)

Rainfall −0.0177 −0.1281 0.0011
(0.0325) (0.0790) (0.0838)

Temperature −0.2689 −0.1755 −0.0378
(0.2787) (1.2065) (0.9349)

Year trend −0.0012 -0.0025
(0.0015) (0.0049)

WYt−1 0.0830 *** −0.2203 *** −0.2028 ***
(0.0287) (0.0504) (0.0549)

WForestry −0.0059 0.1302 ** 0.1565 **
(0.0264) (0.0586) (0.0625)

WStockingRate 0.0202 0.0579 0.0933
(0.0265) (0.0588) (0.0621)

Obs. (n) 1856 1856 1457
R2 0.672 0.345 0.132
RMSE 0.33 0.27 0.45

*** p < 0.01, ** p < 0.05, * p < 0.1.

4.1. The Extension of Leakage Caused by Forest Plantation

Reforestation projects induce spillovers, increasing deforestation in adjacent areas.
In the fixed effects model, local forestry area is negatively associated with vegetation
loss (Table 2), indicating that reforestation reduces vegetation loss within the reforested
municipality. However, the spatially weighted forestry variable has a significant positive
coefficient, meaning that reforestation in the Amazon indirectly drives forest loss elsewhere
(see FE and FD in Table 2). The estimated marginal effect is 1̃2% both for the FE and FD
models, i.e., deforestation leakage for a new area of reforestation. These findings confirm
that leakage is a fundamental challenge for carbon crediting schemes. While localized
reforestation may appear beneficial, the failure to account for spatial spillovers can lead to
an overestimation of net carbon sequestration.

To evaluate how far leakage extends, we conducted sensitivity analysis by varying the
spatial weight matrix from 50 km to 300 km. The results show that forestry-related deforesta-
tion displacement remains significant up to 150 km (Table 3). This highlights the need for
broader landscape planning strategies to mitigate unintended land-use displacement. We
also tested for the temporal extent of reforestation-induced leakage, incorporating lagged
proximity effects in panel models. The results indicate that deforestation displacement
does not occur instantaneously but unfolds over approximately two years. The second lag
proximity term exhibits the strongest positive coefficient (Table 4), suggesting that land-use
displacement effects intensify after two years. However, this does not necessarily indicate
that leakage is limited to short-term dynamics. Instead, it reflects the time required for
agricultural expansion decisions to materialize after reforestation reduces available land.
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Table 3. Sensitivity analysis of spatial spillovers across different distances.

Variable 50 km 100 km 150 km 200 km 250 km 300 km

Vegetation loss (lagged 1yr) 0.5630 *** 0.5630 *** 0.5628 *** 0.5625 *** 0.5624 *** 0.5623 ***
(0.0216) (0.0215) (0.0214) (0.0214) (0.0214) (0.0214)

Forestry area −0.0216 ** −0.0217 ** −0.0216 ** −0.0214 ** −0.0214 * −0.0213 **
(0.0089) (0.0088) (0.0088) (0.0088) (0.0088) (0.0088)

Stocking rate 0.0029 0.0043 0.0052 0.0056 0.0059 0.0060
(0.0399) (0.0397) (0.0396) (0.0396) (0.0396) (0.0396)

GDP per capita −0.0167 −0.0165 −0.0161 −0.0159 −0.0157 −0.0156
(0.0121) (0.0120) (0.0120) (0.0120) (0.0120) (0.0120)

Population density 0.0027 0.0020 0.0015 0.0012 0.0011 0.0010
(0.0221) (0.0220) (0.0219) (0.0219) (0.0219) (0.0219)

Enforcement −1.7205 −1.5264 −1.6576 −1.7890 −1.8872 −1.9590
(7.2720) (7.2455) (7.2326) (7.2267) (7.2237) (7.2221)

Rainfall −0.1222 −0.1302 −0.1336 * −0.1351 * −0.1358 * −0.1362 *
(0.0795) (0.0793) (0.0792) (0.0792) (0.0791) (0.0791)

Temperature −0.1775 −0.2175 −0.2162 −0.2092 −0.2028 −0.1975
(1.2157) (1.2114) (1.2095) (1.2086) (1.2082) (1.2080)

WYt−1 −0.1338 *** −0.2440 *** −0.2925 *** −0.3127 *** −0.3220 *** −0.3267 ***
(0.0411) (0.0549) (0.0598) (0.0616) (0.0624) (0.0627)

WForestry 0.0730 0.1063+ 0.1098+ 0.1077 0.1052 0.1030
(0.0502) (0.0618) (0.0651) (0.0663) (0.0668) (0.0670)

WStockingRate 0.0224 0.0494 0.0586 0.0608 0.0610 0.0607
(0.0479) (0.0618) (0.0657) (0.0670) (0.0674) (0.0676)

Obs. (n) 1843 1843 1843 1843 1843 1843
R2 0.340 0.344 0.346 0.347 0.348 0.348
RMSE 0.27 0.27 0.27 0.27 0.27 0.27

*** p < 0.01, ** p < 0.05, * p < 0.1.

Table 4. Panel model for time persistence.

Term Fixed Effects (FE)

Vegetation loss (lagged 1yr) 0.573 ***
(0.007) ***

Forestry area −0.013
(0.003)

Proximity to forestry −0.617
(0.486)

Lagged proximity (1 year) 0.554
(0.625)

Lagged proximity (2 years) 1.303 ***
(0.476)

Lagged proximity (3 years) 0.110
(0.108)

Stocking rate −0.055 ***
(0.012)

GDP per capita −0.007
(0.004)

Population density 0.009
(0.006)

Enforcement −1.742
(1.765)

Rainfall 1.076
(0.6024)

Rainfall squared −0.066
(0.036)

Temperature 1.82 ***
(0.3816)

Obs. (n) 15,327
R2 0.362
RMSE 0.30

*** p < 0.01.

4.2. Livestock Intensification Fails to Offset Displacement Effects

If increasing cattle stocking rates reduces land-use expansion pressure, we would
expect it to be negatively associated with deforestation. However, our models reveal no sig-
nificant mitigation effect: the coefficient on the cattle stocking rate is small and statistically
insignificant across all specifications (Table 2). Furthermore, the spatially weighted cattle
variable for the stocking rate does not show meaningful spillover effects, contradicting
claims that livestock intensification can offset reforestation-induced displacement. Instead,
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extensive cattle production persists despite productivity gains, suggesting that incentives
for intensification alone are insufficient to curb deforestation.

4.3. Economic Drivers of Deforestation Leakage

The economic context plays a crucial role in mediating the extent of deforestation
leakage. Higher agricultural GDP per capita is correlated with increased deforestation
(Table 2), suggesting that economic expansion amplifies land-use pressures. While local
cattle densities do not directly influence deforestation, the indirect effect of agricultural
profitability is significant. This aligns with theories of land market feedback loops, where
higher land rents in productive regions push deforestation into less profitable areas. Ad-
dressing leakage will require policies that integrate economic incentives with land-use
zoning rather than relying solely on reforestation as a mitigation strategy.

To visualize the spatial dynamics underlying our econometric results, we mapped
the average land-use changes and modeled leakage intensities across municipalities in
the Brazilian Amazon (Figure 3). Figure 3A presents the forest plantation expansion (ha)
and vegetation loss (%), revealing distinct zones where reforestation and deforestation
co-occur. Figure 3B shows the estimated indirect effect of reforestation on neighboring
vegetation loss, calculated as β1 × WForestryi,t−1 from the Spatial Durbin Model. The
results highlight specific leakage corridors, mostly within the Mato Grosso state, where
reforestation in one municipality is associated with elevated forest loss in adjacent areas.
Still, in Figure 3A, areas where forest plantation expansion overlaps with high vegetation
loss may be interpreted as zones of elevated leakage risk.

Figure 3. Spatial patterns of land-use change and modeled deforestation leakage in the Brazilian
Amazon (2000–2023). In Panel (A), forest plantation areas are classified in four intervals: 0 to 100,
100 to 1500, 1500 to 5000, and 5000 to 58,000 hectares. In Panel (B), the breaks in the color legend for
vegetation loss percentages are grouped into 0 to 25%, 25 to 50%, 50 to 75%, and 75 to 100%.
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5. Discussion
5.1. The Extension of Leakage Caused by Reforestation

Our findings confirm the presence of reforestation-induced deforestation leakage in
the Brazilian Amazon, with spatial spillovers concentrated within a 150 km radius and
manifesting primarily over a two-year window. The estimated marginal displacement
is roughly 12% of the reforested area, and it is consistent across both fixed effects and
first-difference estimators, reinforcing its robustness. These findings provide empirical
weight to longstanding concerns about the indirect land-use change (ILUC) risks associ-
ated with reforestation, which are frequently discussed in theoretical or simulation-based
contexts [62,63]. The policy implication is clear: even when reforestation succeeds in re-
ducing deforestation locally, spatial externalities can undermine the net environmental
benefit unless spatial planning accompanies project deployment. Verra and ART-TREES,
among others, currently rely on uniform leakage factors or static buffer zones, which are
insufficient to capture this spatial variability [12,13].

Comparatively, our leakage estimates are lower than the global ILUC factors used
in lifecycle assessments of biofuels, which often assume displacement rates exceeding
30% or more [14,64]. However, they are higher than the typical discount factors applied
in voluntary carbon markets, such as Verra’s default deduction for leakage in avoided
deforestation or afforestation projects [12,24]. Indeed, most of Verra’s projects for Brazil
have been exempt or have not disclosed how leakage is quantified, often arguing that the
project does not displace prior land use, that any displacement is minimal and absorbed
locally, or that the affected area is too small to influence regional supply chains. For
instance, the public carbon credit project from Suzano company, ReGreen, and Mombak
are not clear on their calculation or claims zero leakage on the grounds that the reforested
land was previously unproductive and its conversion does not trigger indirect land-use
change—we checked the main ARR projects listed on Verra’s registry as of March 2025. This
suggests that the spatial displacement from reforestation projects is being systematically
underestimated by current offset methodologies, particularly when implemented at scale.

Unlike previous econometric studies that analyzed leakage from REDD+ conservation
efforts (e.g., [10,32]), our analysis focuses on land competition from forest plantation ex-
pansion, rather than legal restrictions on deforestation. This distinction matters: whereas
REDD+ leakage is often a result of regulatory exclusion zones pushing activity elsewhere,
reforestation projects actively repurpose productive land, thereby creating direct displace-
ment pressures. Our spatial panel estimates indicate that this form of leakage is not merely a
by-product of ineffective enforcement but is structurally embedded in land market dynam-
ics. Furthermore, our use of the Spatial Durbin Model (SDM) allows for a decomposition
of spillover effects that many prior models do not capture [11]. For instance, while the
authors of [21,65] used input–output or instrumental variable models to examine ILUC in
cattle or crop systems, these models often lack the spatial interdependence component to
detect where and when the displacement occurs. In contrast, our model captures both the
geographic reach and temporal lag of deforestation leakage, showing that spillovers are
localized and peak two years after reforestation onset—suggesting a structured economic
adjustment process.

Our findings support recent calls to move toward spatially explicit, project- and region-
specific leakage accounting in carbon offset programs [25]. Additionally, the distance decay
observed (approximately 150 km) aligns with empirical observations on livestock market
behavior, where deforestation pressure is known to migrate within regional commod-
ity supply zones [59,60]. These findings reinforce the importance of regional governance
scales—rather than project-level boundaries—as the appropriate unit for leakage monitor-
ing and mitigation.
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5.2. Drivers of Deforestation Leakage

Our findings suggest that leakage is not a random by-product of land scarcity but
reflects structured economic and spatial dynamics. First, we confirm the role of regional
economic conditions in shaping leakage intensity. Higher agricultural GDP per capita is
significantly associated with vegetation loss, both directly and through spatial spillovers.
This indicates that in high-value agricultural regions, reforestation is more likely to displace
activities into surrounding areas, consistent with spatial equilibrium models of land rent
and land-use competition [8,10]. This also reflects the opportunity cost of land and level
of capital availability for landowners with higher land rent, i.e., the sale of a land parcel
for reforestation might signal the transition of capital and reinvestment to another region.
This flow of capital leading to ILUC has been studied recently [11,33,65]. This economic
logic is reinforced by the results signaling a positive association between reforestation and
vegetation loss in neighboring municipalities. The magnitude of agricultural displacement
in the vicinity of reforestation is partly caused by differences in the land rents and law
enforcement, i.e., lower land value and weaker enforcement attract agricultural expansion.
This pattern parallels findings in [32,33], which note that frontier expansion often follows
spatial gradients of opportunity cost and institutional presence.

Moreover, the temporal dynamics uncovered highlight that leakage may happen two
years after reforestation land change. This suggests that actors respond to land-use change
not only through migration but also through economic adjustment processes, such as
reorganizing herds, investing in new land, or reallocating labor. These temporal lags are
rarely captured in static leakage models or protocols of afforestation projects, yet they have
material implications for carbon accounting accuracy [9,61]. Importantly, our results focus
on reforestation displacing ranching instead of crops. This is supported by the mobility of
pasture-based systems and lower biophysical constraints for extensive cattle expansion,
as observed in [34,60]. This asymmetry implies that leakage, in general, requires tailored
strategies, such as stricter pasture zoning or cattle traceability enforcement. Taken together,
these mechanisms show that reforestation-induced leakage is not incidental—it is driven
by land market signals, delayed behavioral responses, and sectoral dynamics, all of which
must be explicitly integrated into policy frameworks and carbon market methodologies.

5.3. The Failure of Livestock Intensification to Offset Displacement

Livestock intensification is often promoted as a win–win strategy to reconcile agri-
cultural productivity with forest conservation. In theory, increasing cattle stocking rates
should reduce pressure on land by allowing more output per hectare, thereby mitigating
deforestation or leakage risks [15]. However, our findings show no significant relationship
between stocking rates and reductions in deforestation, neither directly nor through spatial
spillovers. This result aligns with emerging empirical critiques of the so-called “sustainable
intensification” hypothesis in frontier contexts [17,33].

The lack of mitigation effect may reflect a rebound dynamic, where higher productivity
leads to increased profitability and reinvestment in expansion, rather than sparing land.
This is particularly plausible in Brazil, where rising beef prices and flexible land markets
create incentives to expand production even after intensifying. Similar dynamics were
observed in [16], which found that pasture intensification in Mato Grosso was associated
with increased, not decreased, deforestation. We argue that, in the absence of land-use
planning or enforceable land sparing rules, productivity gains in cattle systems do not
translate into conservation outcomes. This supports the broader literature arguing that
intensification, without accompanying institutions, often fails to deliver environmental
co-benefits [8,39].
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The spatial lag effect of the stocking rate (i.e., intensification in neighboring mu-
nicipalities) showed no significant spillover effects, suggesting that intensification is a
localized strategy with weak systemic impact. In other words, even if one municipal-
ity intensifies, neighboring areas are not insulated from displacement pressures. This
undermines policy narratives that promote isolated technological interventions as scal-
able climate solutions. In summary, livestock intensification alone cannot be relied
upon to offset reforestation-induced leakage. Without spatially explicit governance
mechanisms—such as cattle ranching zoning, environmental conditionality in credit, or
traceability of beef production—productivity gains risk reinforcing expansion dynamics
rather than replacing them.

5.4. Toward Better Leakage Accounting: Implications for Carbon Market and Large
Scale Reforestation

Voluntary standards such as Verra and ART-TREES apply simplified assumptions—typically
fixed leakage discount rates or buffer zones—that are not designed to capture the spatial
heterogeneity and lagged dynamics of agricultural displacement uncovered in our analy-
sis [12,24]. However, our results show that reforestation displaces deforestation primarily
within 150 km and over a two-year horizon, suggesting that leakage is not diffuse but pre-
dictable and measurable under specific land-use and economic conditions. These insights
support recent critiques that current offset protocols systematically overestimate net carbon
gains by ignoring indirect land-use change (ILUC) [13,14]. For instance, if reforestation
is credited without adjusting for downstream displacement, the resulting carbon benefit
may be inflated and undermine the environmental integrity of emission reduction claims.
While some protocols allow for leakage monitoring, few require spatial econometric or
landscape-scale assessments, and most rely on default values derived from case studies
with limited transferability.

Rather than penalizing all projects with conservative leakage deductions, a more
credible and equitable approach would involve context-specific leakage accounting. We
argue that project-level estimates can be improved by integrating (i) spatial interaction
modeling at the municipal or regional scale; (ii) economic contextualization, especially
land rents and commodity prices; and (iii) sectoral differentiation, acknowledging that
ranching and cropping have different displacement patterns. Such refinements would
allow crediting frameworks to better distinguish between high- and low-risk projects. For
example, smallholder agroforestry projects in degraded areas may pose minimal leakage
risk, while large-scale commercial forest plantations in active ranching zones may require
stricter buffers or alternative crediting rules. Uniform leakage discounts risk penalizing
the former unfairly while underestimating the risks posed by the latter. Additionally,
project developers and regulators should consider reinvesting a portion of carbon credit
revenues into leakage mitigation measures, such as land-use zoning, support for sustainable
livelihoods in neighboring areas, or integration with jurisdictional REDD+ initiatives.
By shifting from a project-by-project logic to a jurisdictional and landscape governance
approach, leakage risks can be internalized without undermining financial viability [20,25].

Ultimately, improving leakage accounting is not just a technical refinement—it is
essential for maintaining the credibility of carbon markets and ensuring that climate
mitigation efforts do not shift environmental burdens to other communities or ecosystems.

5.5. Limitations and Future Research

While this study provides one of the first spatial econometric assessments of
reforestation-induced leakage in the Brazilian Amazon, it is not without limitations. First,
our analysis relies on secondary land cover data from MapBiomas, which, although vali-
dated and widely adopted, does not include direct measures of forest plantation survival
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or carbon stock accumulation. Field-based verification to set aside ecological reforestation
and biomass would enhance the precision of net sequestration estimates. Indeed, our
use of forest plantation area as a proxy for reforestation does not differentiate between
commercial and ecological reforestation, or between planted and naturally regenerating
forests. While this is methodologically necessary due to data limitations, it leaves open the
question of whether displacement patterns differ across reforestation types. Future studies
should disaggregate these categories, potentially using high-resolution satellite imagery or
project-specific documentation.

Second, while our spatial panel model captures local and spillover effects, it does not
include commodity price feedbacks, such as changes in beef or soy prices following land
scarcity from reforestation. Prior ILUC models suggest that even marginal reductions in
land availability can trigger market-mediated deforestation elsewhere [62,64]. Integrating
partial equilibrium or agent-based models with spatial econometric frameworks could
better simulate how price signals and actor responses evolve in tandem.

Third, the spatial scale of analysis, i.e., municipalities, limits the ability to capture
finer-grained displacement dynamics, such as land speculation, parcel-level migration of
cattle, or intra-municipal nuances. Micro-level studies with property-level data could help
uncover more subtle feedback, including interactions between land tenure, enforcement
capacity, and land-use change decisions.

Finally, we acknowledge that leakage may target secondary vegetation or areas under
forest regeneration rather than primary forests. Some studies suggest that regrowth forests
are particularly vulnerable to displacement due to their ambiguous legal status and lower
economic value [66,67]. Assessing whether leakage disproportionately affects these transi-
tional ecosystems would refine our understanding of long-term carbon and biodiversity
trade-offs in restoration policies.

Despite these limitations, the core contribution of this study remains: spatial leak-
age from reforestation is real, measurable, and policy-relevant. Closing the remaining
knowledge gaps will require interdisciplinary approaches that integrate spatial analy-
sis, economics, field ecology, and governance diagnostics to support more credible and
equitable reforestation strategies.

6. Conclusions
This study provides empirical evidence that reforestation in the Brazilian Amazon

generates measurable deforestation leakage through localized land-use displacement. Us-
ing a spatial Durbin panel model, we show that while forest plantations reduce vege-
tation loss within targeted municipalities, they induce spillover effects within a 150 km
radius—displacing approximately 12% of the reforested area into surrounding regions.
These findings confirm our first hypothesis (H1), demonstrating that reforestation can
unintentionally shift agricultural pressures rather than eliminate them.

Contrary to the common assumption that livestock intensification mitigates land
expansion, our results do not support the second hypothesis (H2). Stocking rate increases do
not significantly reduce deforestation, suggesting that rebound effects or weak institutional
safeguards offset the land sparing potential of intensification. This challenges prevailing
narratives in climate policy that promote productivity gains as standalone solutions to
land-use conflict.

Our analysis contributes a novel empirical foundation to the debate on carbon offset
integrity. By combining spatial econometrics with a landscape-scale framing, we demon-
strate that leakage is not diffuse or unpredictable, but instead follows identifiable economic
and geographic patterns. This has direct implications for voluntary carbon markets such as
Verra and ART-TREES, whose current methodologies apply uniform or static leakage as-
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sumptions that risk overestimating net climate benefits. Incorporating spatially explicit leak-
age accounting—based on project scale, land-use context, and regional dynamics—would
enhance the credibility and environmental effectiveness of reforestation-based offsets.

Rather than impose blanket financial penalties, a more effective strategy is to integrate
leakage mitigation into project design and regional governance. This includes spatial zoning
to steer reforestation away from high-risk frontier zones, the reinvestment of carbon credit
revenues into sustainable livelihoods and tenure security, and alignment with jurisdictional
approaches to conservation planning.

Limitations of this study include the reliance on secondary land cover data, lack of
differentiation between reforestation types, and exclusion of commodity price feedbacks.
Nonetheless, the results offer a robust baseline from which further integrated modeling and
field-based verification can be realized. Future research should investigate how leakage
varies across ecological restoration versus commercial forestry, and whether it dispropor-
tionately affects secondary vegetation and regenerating landscapes.

Reforestation remains a vital climate mitigation strategy. However, its effectiveness
depends on whether it reduces global emissions—or merely redistributes them across
space. This study underscores the need to move beyond project-level accounting and
toward integrated, spatially informed land-use policy frameworks that prevent unintended
environmental trade-offs while advancing sustainable development goals.
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